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A B S T R A C T   

The peak photosynthesis timing (PPT) is a key factor that affects the seasonality of the terrestrial carbon uptake. 
Carbon phenology derived from gross primary production (GPP) has been used to validate the peak greenness 
timing (PGT) from satellite-based vegetation indices (VIs) in phenology research. However, PPT, derived from 
GPP, has not been comprehensively analyzed, especially taking different GPP estimates, fitting methods, and 
biomes into account. Moreover, whether or not the PPT trend is consistent with the reported PGT trend still 
unclear. We explored the above questions at widely used flux sites in Northern Hemisphere mid-latitudes and 
found that no significant differences in PPT derived from GPP using different carbon flux partitioning methods. 
Moreover, fitting methods performed well in grassland, cropland, wetland, and wood savannas compared with 
evergreen needleleaf forest, deciduous broadleaf forest, and mixed forest. Unexpectedly, we did not find an 
advancing trend in PPT derived from GPP compared with PGT from SPOT-VGT normalized difference vegetation 
index (NDVI). Our study suggests that the principle of the fitting method and physiological property of the biome 
should be taken into account when predicting PPT. More importantly, PGT is not a good proxy of the PPT. 
Therefore, PPT trends based on VIs should be viewed with caution. In general, this study is meaningful for better 
understanding photosynthesis and carbon cycling in the context of changing climate.   

1. Introduction 

Phenology controls the seasonality of numerous ecosystem processes 
and affects interactions between the atmosphere and the biosphere 
(Piao et al., 2006; Richardson et al., 2018; Wu et al., 2013). In com
parison with traditional and well-studied phenological measures, such 
as the start of the growing season (SOS), the end of the growing season 
(EOS), and the length of the growing season (LOS); peak photosynthesis 
timing (PPT) has only recently begun to receive attention in the 
phenological research community (Gonsamo et al., 2018; Chen et al., 
2019; Wang and Wu, 2019; Yang et al., 2019). Changes in PPT could 
significantly impact the seasonality of terrestrial carbon cycling (Xu 
et al., 2016). PPT is closely related to annual gross primary production 

(GPP) (Gonsamo et al., 2018; Li et al., 2020) and can indicate the timing 
of maximum resource availability; for example, the PPT for grassland 
corresponds to the timing of maximum forage, which affects habitat and 
the number of livestock (Paruelo et al., 2001; Wang et al., 2012; Yang 
et al., 2019). Accurate estimation of PPT is therefore helpful for pre
dicting vegetation response to climate change, and then deepening our 
understanding of the carbon cycle in the context of a changing climate. 

PPT is generally defined as the day that corresponds to the maximum 
value on a fitted vegetation index curve (Gonsamo et al., 2013). Previous 
studies have used vegetation indices (VIs) from different sources of 
remote sensing data and different fitting methods to determine the peak 
greenness timing (PGT), and consider PGT as a surrogate of PPT in 
trending and attributing analysis. For example, Xu et al. (2016) selected 
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the normalized vegetation difference index (NDVI) from the Global In
ventory Modeling and Mapping Studies (GIMMS) product of the 
Advanced Very High Resolution Radiometer (AVHRR) and the Moderate 
Resolution Imaging Spectroradiometer (MODIS), and applied four 
commonly-used fitting methods: polynomial fitting (PN) (Cong et al., 
2012; Piao et al., 2006), linear interpolation, spline smoothing, and 
interpolation (Forkel et al., 2015; Migliavacca et al., 2011), and singular 
spectrum analysis (Guan, 2014; Chen et al., 2019) to obtain PPT for 
Northern Hemisphere mid-latitudes. Gonsamo et al. (2018) proposed a 
double logistic function (DL) and used 34 years of GIMMS NDVI data to 
derive PPT for extratropical latitudes (> 23◦ N). To analyze PPT for 
China’s ecosystems, Wang and Wu (2019) also used GIMMS NDVI, and 
designed the SG-cubic spline method that integrates the Savitzky-Golay 
filter (SG) (Jönsson and Eklundh, 2002) and cubic spline. Yang et al. 
(2019) developed a new PPT model that depends on the SG and on a 
generalized additive model, and used a Vegetation Photosynthesis 
Model (VPM)-based GPP and enhanced vegetation index (EVI) to 
compare PPT for temperate and alpine grassland regions in China. In 
general, previous studies based on VIs from remote sensing data have 
shown that PPT has a generally advancing trend. 

Due to a lack of ground-based observations, PPT derived from remote 
sensing data is usually validated using PPT derived from tower flux GPP 
(Chen et al., 2019; Wang and Wu, 2019; Xu et al., 2016; Yang et al., 
2019; Ge et al., 2021). In previous studies, GPP from one partitioning 
method is chosen from the FLUXNET2015 dataset as input data, and 
have used a variety of fitting methods to smooth daily tower flux GPP; 
for example, a moving averaging filter (MA) (Wang et al., 2019), SG (Xu 
et al., 2019), cubic smoothing spline (CS) (Wang et al., 2018; Wu et al., 
2014), PN fitting (Xu et al., 2016), asymmetric Gaussian (AG) fitting 
(Jones et al., 2012), and DL (Gonsamo et al., 2013; Yang and Noormets, 
2021). Using different input data and fitting methods may result in 
different PPT patterns being derived, and the differences may be great 
enough to result in contrary PPT trends. It is therefore important that 
PPT estimates derived from tower flux GPP are available to support the 
conclusions of satellite-derived PPT trends at different scales and 
biomes. 

However, there are several uncertainties in previous studies. First, 
how the PPT is affected by uncertainties, which is resulted from 
complicated carbon data processing, is neglected by previous studies. 
Different carbon flux processing methods can lead to uncertainties in not 
only magnitude but also the seasonality of carbon flux. Second, only one 
fitting method is used to smooth the daily GPP and extract PPT in most 
previous studies. The performance of different fitting methods in 
deriving PPT across different biomes is still unclear. Third, it is not clear 
if the PPT trend derived from tower flux GPP is consistent with results 
from VIs. Therefore, our study employed four GPP estimates and six 
fitting methods, to extract PPT, and then compared the trend 

consistency of PPT and PGT. The objectives of this research are: (1) to 
investigate the effects of different GPP estimates in PPT extraction. (2) to 
assess the potential of different fitting methods for PPT detection at 
widely distributed flux sites that represent typical biomes. (3) to check 
whether or not the GPP-based PPT trend is consistent with that derived 
from remote sensing data. 

2. Data and methods 

2.1. GPP from flux sites 

In this study, we used daily GPP at 48 eddy covariance (EC) sites 
(totally, 510 site-years) in the FLUXNET2015 dataset (https://fluxnet. 
org/data/download-data/) (Fig. 1). GPP is partitioned according to 
net ecosystem exchange (NEE) combining auxiliary meteorology data, 
following a process that is described in detail in Pastorello et al. (2020). 
A variable USTAR threshold (VUT) and a constant USTAR threshold 
(CUT) are used in NEE uncertainty calculation to avoid problems asso
ciated with false interannual variability signals, and with environmental 
change that could not be represented. Based on VUT and CUT, 40 NEE 
percentiles were calculated; and we followed Pastorello et al. (2020) in 
assuming that the “REF” version is generally the most representative. 
GPP is partitioned from NEE using two methods: the nighttime fluxes 
method (NT), and the daytime fluxes method (DT). In the NT method, 
nighttime data is used to parameterize a respiration (RECO) estimation 
model. In the DT method, both daytime and nighttime data are used to 
parameterize a two-component model. A USTAR threshold, the repre
sentativeness of the GPP data, and the partitioning method were taken 
into account and four GPP estimates (GPP_NT_CUT_REF, GPP_NT_VU
T_REF, GPP_DT_CUT_REF, GPP_DT_VUT_REF) were chosen as the input 
data for PPT extraction. To ensure the quality of GPP data from different 
flux towers, we selected and filtered flux sites following Wang et al. 
(2019). For each site, we considered the data quality control (QC) for 
every site-year (QC > 0.75), the number of years of available data (at 
least 7 high-quality site-years were required), the spatial representa
tiveness of the site, the seasonality of vegetation, and the biomes present 
at the site. Finally, the 48 selected sites were sorted into 7 types: 
grassland (GRA), cropland (CRO), deciduous broadleaf forest (DBF), and 
evergreen needleleaf forest (ENF), mixed forest (MF), wetland (WET), 
and woody savannas (WSA). The number of sites for each biome was: 5 
GRA sites (site-years = 43), 7 CRO sites (site-years = 65), 12 DBF sites 
(site-years = 126), 16 ENF sites (site-years = 189), 5 MF sites (site-years 
= 65), 2 WET sites (site-years = 15), and 1 WSA site (site-years = 7). The 
earliest site-year is 1998 and the latest site-year is 2014 for the 48 sites. 
Details of selected sites could be found in supplementary Table S1. 

Fig. 1. Spatial distribution of flux sites used for this study. GRA, CRO, DBF, ENF, MF, WET, and WSA represent grassland, cropland, deciduous broadleaf forest, 
evergreen needleleaf forest, mixed forest, wetland, and woody savannas sites, respectively (see supplementary table for details). 
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2.2. NDVI from SPOT-VGT 

As NDVI-based PGT (i.e., potential PPT) has been taken as a proxy of 
actual PPT in previous studies, we chose NDVI from SPOT-VGT to derive 
potential PPT in this study. NDVI time-series were downloaded from the 
SPOT-VGT S10 product (https://www.vito-eodata.be/PDF/datapool/), 
which has a temporal resolution of 10 days and a spatial resolution of 1 
km. This product has been systematically corrected for topographic and 
atmospheric effects. NDVI for each flux site was obtained by following 
Wu et al. (2017) to obtain NDVI for each flux site. To match the earliest 
and latest site-year of the tower flux GPP, we calculated the daily 
average SPOT-VGT NDVI from 1999 to 2013 and used the calculated 
daily NDVI to fill the data gap for January to March 1998 and June to 
December 2014. 

2.3. Method for dividing growing seasons 

Some biomes (e.g., GRA and CRO) are likely to be experienced two or 
more growing seasons (GSs) in a calendar year. To accurately estimate 
the PPT for these biomes, it is vital to divide the observed total GSs for 
these biomes before deriving PPT (Kong et al., 2020). In this study, we 
developed a simple and effective method to divide the total GSs for GRA 
and CRO. The key to this method was that a single and complete GSs 
consists of two troughs and one peak. To balance fidelity and fitness 
when fitting the raw data, we compared six different fitting methods and 
selected the CS method as the most appropriate for fitting the raw GPP 
time-series (Figs. S1–S2). Fig. 2 is an example of GSs dividing at CH-Oe2 
(a CRO site) in 2007, 2008, and 2009. To examine the accuracy of our 
approach, we compared the GSs dividing results to the detailed crop 
records of CH-Oe2 in Emmel et al. (2018). The details of the GSs dividing 
method implemented here are (Fig. 2): 

Step 1: Identify all peaks and troughs on the fitted GPP time-series 
(orange and light blue dots) using a 30-day moving window. 
Through this, we obtained a dataset of potential peaks and troughs 
(datasetpeak_trough). 
Step 2: Remove adjacent peaks or troughs. If two peaks or troughs 
are adjacent, then a comparison will be triggered. The peak with the 
smaller GPP and the trough with the larger GPP will be removed. 

Step 3: Remove troughs with GPP larger than GPPtrough and repeat 
step 2. 
Step 4: Judge whether each peak is reasonable on a peak-by-peak 
basis. We used the distance between two peaks (|Δtpeak|), the dis
tance between a peak and the nearest two troughs (|Δtpeak_trough (left)| 
and |Δtpeak_trough (right)|), and the GPP difference between the peak 
and the nearest troughs (|ΔGPPpeak_trough (left)| and |ΔGPPpeak_trough 

(right)|) to judge whether to accept a peak. If not accepted, the peak 
was removed from datasetpeak_trough, and step 2 was repeated. If one 
peak constituted the first element in datasetpeak_trough after every 
assessment, then it was also removed. 
Step 5: Judge the length of a GSs. The length of a complete GSs (|Δ 
ttrough|) was determined from two troughs. If |Δttrough| was less than 
one month, then the trough with larger GPP was removed from 
datasetpeak_trough. Step 2 was then repeated. 

2.4. Fitting methods 

When deriving phenological information fromtime-series of satellite 
data or tower flux GPP, the initial step is to fit a smooth time-series to the 
raw input data. In this study, we chose six widely-used fitting ap
proaches and grouped them into two categories: local fitting functions, 
which were MA, SG, and CS, and global fitting functions, which were 
PN, AG, and DL. We fitted GPP time-series using different approaches in 
R language. 

2.4.1. MA 
The MA fitting function uses a moving window to calculate an 

average. The weight for each point within the window is calculated from 
a Gaussian density function: it is highest in the middle of the window 
and decreases at the two sides. In this study, we used a 15-day moving 
window for our moving average filter, following Wang et al. (2019). 

2.4.2. SG 
The SG method is commonly used in signal processing and has been 

integrated into various models and software (Chen et al., 2004; Jönsson 
& Eklundh, 2002; Xu et al., 2019; Yang et al., 2019). The SG in
corporates a moving window and a quadratic PN to obtain the fitted 
value in a window (Jönsson and Eklundh, 2002), as described in Eq. (1): 

Fig. 2. An example of dividing growing seasons at the CH-Oe2 (a cropland site) in 2007, 2008, and 2009. The grey circle denotes raw daily gross primary production 
(GPP). The orange and light blue dots represent possible peaks and troughs, respectively. The red and blue dots indicate peaks and troughs that were accepted as 
reasonable following the steps outlined in the text. 
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GPP∗
i =

∑m
i=− mCiGPPj+i

2m + 1
(1)  

where GPP∗ is the smoothed GPP, m is the half of smoothing window, 
and Ci is the weight assigned to the daily GPP data point within the 
smoothing window. Our study set the smoothing window size to 30, 
following Bórnez et al. (2020). 

2.4.3. CS 
The CS method uses the locally weighted regression principle to fit 

noisy data and generates a smooth time-series for an entire period. It is 
regarded as a flexible approach to time-series fitting (Chen et al., 2006). 
For example, CS is used in the processing of the MODIS phenology 
product MCD12Q2. The GPP for a given date can be calculated from data 
for the two adjacent dates (e.g., (ti, yi) and (ti+1, yi+1)), using the 
following formula: 

Si(t) = ai(t − ti)
3
+ bi(t − ti)

2
+ ci(t − ti) + di (2)  

where Si is a cubic polynomial, t is a date (DOY), and ai, bi, ci, di are 
coefficients. 

2.4.4. PN 
Polynomial fitting is also a practical approach and has been used in 

many phenology studies. For example, Piao et al. (2006) and Xu et al. 
(2016) employed a six-degree PN and a least-squares regression to 
remove noise from time-series. In general, seasonal GPP data may be 
smoothed using an inverted parabola of the form below: 

GPP = β + β1t + β2t2 + β3t3 + aβ4t4 + β5t5 + β6t6 (3)  

where t is a date (DOY), and β and β1− 6 are the coefficients of a sixth- 
order polynomial. 

2.4.5. AG 
The AG method is a global fitting model based on several local 

functions, and the fitted curve can reflect complex and subtle changes in 
the data (Jönsson and Eklundh, 2002). The local function can be 
expressed in the following form: 

f (t) = c1 + c2g(t; θ1,…, θ5) (4)  

g(t; θ1,…, θ5)= {

exp

[

−

(
t − θ1

θ2

)θ3
]

, if t > θ1

exp

[

−

(
θ1 − t

θ4

)θ5
]

, if t < θ1

(5)  

where Eq. (5) is a Gaussian function and c1, c2 are linear parameters that 
determine the base level and amplitude, respectively; θ1 determines the 
position of extremes for time variable t; θ2, θ3 are related to the width 
and fatness of the left part of the function; and θ4, θ5 are related to the 
width and fatness of the right part of the function. The left and right 
asymmetric Gaussian can be integrated using f(t). The global fitting 
function is described in Eq. (6): 

F(t)= {
α(t)fL(t) + [1 − α(t)]fC(t), tL < t < tC
β(t)fC(t) + [1 − β(t)]fR(t), tC < t < tR

(6)  

where α, β are cutoff functions and fL, fC, and fR are the left minimum, 
central maximum, and right minimum, respectively, for a calculated 
interval. tL, tR, tC are the times that correspond to fL, fC, fR 

2.4.6. DL 
The DL fitting approach is structurally flexible and can provide good 

coverage (Yang and Noormets, 2021). DL has been developed and 
optimized in previous studies (Elmore et al., 2012; Gu et al., 2009; 
Klosterman et al., 2014; Zhang et al., 2005). In this study, we used a DL 

with seven parameters from Gu et al. (2009), following Yang and 
Noormets, (2021), as described in Eq. (7): 

GPP(t) = m0 +
m1

(1 + e− n1(t− t1))
k1
−

m2

(1 + e− n2(t− t2))
k2

(7)  

where t is the date (DOY); m0, m1, m2 correspond to the GPP values for 
the dormant period, for early summer, and for later summer, respec
tively; n1, n2 are two slope coefficients; and k1, k2 are two transition 
dates. 

2.5. Analysis 

2.5.1. Measurement of plateau length 
To measure the plateau length of each biome and its impact on the 

PPT, we introduced the length of the peak (LOP) proposed by Gonsamo 
et al. (2013). LOP is the difference between the start of the peak (SOP) 
and the end of the peak (EOP). SOP and EOP could be obtained on the 
rising and falling parts of the fitted GPP curve using a certain threshold 
(Fig. S3). 

2.5.2. Fit evaluation 
In our study, we used five statistics to evaluate the performance of 

the different fitting methods. The first was the coefficient of determi
nation (R2), as described in Eq. (8): 

R2 =
Σn

t=1(GPPo(t) − GPPo)
2Σn

t=1

(
GPPo(t) − GPPp(t)

)2

Σn
t=1(GPPo(t) − GPPo)

2 (8)  

where GPPo and GPPp are observed and predicted GPP values, respec
tively. GPPo is the annual mean observed GPP, and n is the number of 
available observations in one year. 

The second statistic was the root mean square error (RMSE), as 
described in Eq. (9): 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

t=1

(
GPPo(t) − GPPp(t)

)2

n

√

(9) 

The third statistic was the empirical bias, which was used to calculate 
the mean error for the residuals of each fitting method, as described in 
Eq. (10): 

Bias =
∑n

t=1

(
GPPo(t) − GPPp(t)

)

n
(10) 

The fourth statistic we considered was the agreement index (AI), 
which is frequently used for model assessment, and was used here to 
estimate the relative error of a fit (Gu et al., 2002; Zhou et al., 2016). AI 
ranges from 0 to 1, and a higher value means a better fit. It is described 
in Eq. (11): 

AI = 1 −

∑n
t=1

(
GPPo(t) − GPPp(t)

)2

∑n
t=1

( ⃒
⃒GPPp(t) − GPPo| + |GPPo(t) − GPPo

⃒
⃒
)2 (11) 

The fifth statistic was Akaike’s Information Criterion (AIC), which is 
employed to evaluate the performance of fitting methods with different 
free parameters (Atkinson et al., 2012). AIC is calculated using Eq. (12). 

AIC = 2k + n[ln(RSS)] (12)  

where, k is the number of free parameters in the fitting method, n is the 
number of input data, RSS is the residual sum of squares between the 
original and fitted data. A lower AIC indicates the method is preferable. 

2.5.3. Analysis of variance 
To compare the performance of different fitting methods and GPP 

estimates for deriving PPT, we used analysis of variance (ANOVA) to 
analyze the differences between the group means. ANOVA provides a 
statistical test for more than two groups of data, regardless of whether 
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the means of the different groups are equal or not. If there is no signif
icant difference between the two groups’ means, then the same lower- 
case letter is assigned to these two groups. Otherwise, two different 
lower-case letters are assigned to the two groups. 

2.5.4. Trend test 
Mann-Kendall (MK) test was employed to examine the trends in 

phenology and environmental variables (Mann et al., 1945; Kendall 
et al., 1948). MK test is widely used in trend analysis with multiple 
advantages. For example, MK test is a nonparametric test and does not 
assume a specific distribution for the data. Moreover, it is not sensitive 
to outliers. The Theil-sen method was used to estimate the slope of the 
MK test (Sen et al., 1968). These statistical analyses were carried out 
using the R language. 

3. Results 

3.1. PPT from different GPP estimates 

To assess whether different GPP estimates lead to differences in PPT 
prediction, we analyzed the correlations between PPT values calculated 
from four different GPP estimates (Fig. 3). In general, PPT values 
calculated from different GPP estimates were significantly correlated (p 
< 0.001), although the correlation coefficient (R) varied with the fitting 
method. The results also suggested that PPT values that were calculated 
from the same partitioning methods, but using different USTAR 
thresholds, were more strongly correlated than PPT values that were 
calculated from different partitioning methods and different USTAR 
thresholds. For example, R for the correlations between PPT values 

calculated from the same partitioning method (DT_CUT vs. DT_VUT and 
NT_CUT vs. NT_VUT) were 0.88 and 0.95, while the R was lower be
tween PPT values that were calculated using different partitioning 
methods and different USTAR thresholds (e.g., DT_CUT vs. NT_CUT or 
DT_CUT vs. NT_VUT) (Fig. 3a). We used ANOVA to compare the means 
of the PPT values calculated using different GPP estimates (Fig. 4). No 
significant difference was found between the PPT values that were 
calculated using the four different GPP estimates. 

3.2. PPT values calculated using different fitting methods 

We first compared PPT estimates using the local and global fitting 
methods and found that PPT estimates based on global fitting methods 
were generally more centralized than PPT estimates based on local 
fitting methods (Fig. 3). Results from ANOVA, which used Duncan’s 
multiple range test, suggested that the appropriateness of different 
fitting methods may vary significantly between different biomes (Fig. 3 
and Fig. 5). There was no significant difference between the PPT esti
mates using different local fitting methods for any biome. There were 
also no significant differences between the PPT estimates that were 
made using the six different fitting methods for the GRA, CRO, and WSA 
biomes. However, there were significant differences between these PPT 
estimates from the PN and the DL for DBF, ENF, and MF biomes. PPT 
estimates made using PN to fit the data were significantly different from 
PPT estimates that were made using the three local fitting methods, and 
there was a significant difference between PPT derived using PN and 
PPT that was derived using the other two global fitting methods for DBF. 
For all biomes, the mean PPT that was estimated using PN was later than 
the mean PPT estimated using the other fitting methods. The standard 

Fig. 3. Correlations between the peak photosynthesis timing (PPT), as calculated using four different gross primary production (GPP) estimates and six different 
fitting methods. (a) Moving average filter, (b) Savitzky-Golay filter, (c) Cubic smoothing spline, (d) Polynomial, (e) Asymmetric Gaussian, and (f) Double logistic 
function. DT_CUT, DT_VUT, NT_CUT, and NT_VUT are four different GPP estimates, corresponding to GPP_DT_CUT_REF, GPP_DT_VUT_REF, GPP_NT_CUT_REF, 
GPP_NT_CUT_REF, respectively. One dot represents PPT from two different GPP estimates. Three asterisks show that there is a significant correlation (p < 0.001) 
between the PPT values calculated from two different GPP estimates. 
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deviation (SD) of PPT estimates resulting from the global fitting methods 
(PN, AG, DL) was smaller than the SD of estimates calculated using the 
local fitting method (MA, SG, CS) for the DBF, ENF, and MF biomes. The 
SD was lower for PPT estimates that were based on PN than for estimates 
based on any of the other three global fitting models. 

We found substantial differences in the PPT estimated for different 
biomes in our study. For all biomes, PPT calculated using PN was later 
than that calculated using other methods, particularly in the GRA, CRO, 
DBF, MF, and WET biomes (Figs. 5 and 6). The earliest PPT (the lower 
whisker) was around day 120, and the latest PPT (the upper whisker) 
was around day 270. The range of PPT estimates (the length of the box) 
was wider for the GRA, CRO biomes than for the other biomes. PPT 
estimates for GRA had a distinct right-skewed distribution, indicating 
that the mean of PPT estimates were later than the median. The distri
bution of PPT estimates for CRO was left-skewed, suggesting that the 
mean of PPT estimates for the CRO biome were earlier than the median 
(Fig. 6). There were more outliers in the distributions of PPT estimates 
for the DBF and ENF biomes than for the other biomes. Outliers in the 
distribution for the DBF biome were mostly located above the 
maximum, while outliers for the distributions in the ENF biome were 
located below the minimum (Fig. 6). 

3.4. PPT trends 

We first explored the PPT trends from six different fitting method for 
each site (Fig. 7). In general, we found that the PPT trends were rela
tively consistent for most of selected site (at least four of the six esti
mated trends were consistent), except for few sites. We excluded the 
WET and WSA biomes from this analysis as there were only one or two 

sites that represented these. We then compared the PGT and PPT trend 
for all used sites (Fig. 8). When MA was used, 19 (39.58%) sites showed 
an advancing PPT trend, although none of these was significant (p <
0.05), and 29 (60.42%) sites showed a delaying trend, and two of these 
trends were significant. Results for the SG and CS methods were similar 
to those for the MA method. The numbers of sites with an advancing 
trend were 15 (31.25%) and 18 (37.50%) for SG and CS, respectively; 
and most of the sites showed a delaying trend. In general, PPT trends 
that were estimated using one of the three local fitting methods showed 
a delaying trend. For PN, AG, and DL, the numbers of sites with an 
advancing estimated PPT trend were 23 (47.92%), 24 (50%), 21 
(43.75%), respectively. Only one or two flux sites showed a significant 
advancing trend. For PPT trends estimated using PN and AG, the pro
portion of advancing and delaying trends was almost equal. We also 
calculated the PGT trends using SPOT-VGT NDVI at the same flux sites. 
Interestingly, we found an advancing PGT trend using NDVI at the site 
scale (Fig. 8), which was consistent with previous studies based on VIs. 

4. Discussion 

4.1. Impact of different GPP estimates 

In the phenology studies, GPP from flux tower plays an important 
role in validating results from remote sensing data. GPP data are 
particularly important when there are no ground phenological obser
vations such as PPT. Therefore, PPT estimates derived from tower flux 
GPP are often used to validate results derived from remote sensing data 
(Gonsamo et al., 2018; Li et al., 2020; Wang and Wu, 2019; Xu et al., 
2016). However, there are 40 different GPP estimates in the 

Fig. 4. Comparison of the peak photosynthesis timing (PPT) calculated from four different gross primary production (GPP) estimates using analysis of 
variance (ANOVA). (a) Moving average filter, (b) Savitzky-Golay filter, (c) Cubic smoothing spline, (d) Polynomial, (e) Asymmetric Gaussian, and (f) Double logistic 
function. DT_CUT, DT_VUT, NT_CUT, and NT_VUT are four different GPP estimates, corresponding to GPP_DT_CUT_REF, GPP_DT_VUT_REF, GPP_NT_CUT_REF, 
GPP_NT_VUT_REF, respectively. GRA: grassland, CRO: cropland, DBF: deciduous broadleaf forest, ENF: evergreen needleleaf forest, MF: mixed forest, WET: wetland, 
WSA: woody savannas. The lower-case letters from ANOVA show whether or not there is a significant difference between the different PPT values. Error bars show 
the standard deviation. 
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Fig. 5. Analysis of variance (ANOVA) comparison of estimates of the peak photosynthesis timing (PPT) that were calculated using six different fitting 
methods. (a) GPP_DT_CUT_REF, (b) GPP_DT_VUT_REF, (c) GPP_NT_CUT_REF, (d) GPP_NT_VUT_REF. GRA: grassland, CRO: cropland, DBF: deciduous broadleaf 
forest, ENF: evergreen needleleaf forest, MF: mixed forest, WET: wetland, WSA: woody savannas. The lower-case letters from the analysis of variance (ANOVA) show 
where there is a significant difference between the PPT estimates. Error bars indicate the standard deviations.3.3 PPT for different biomes 

Fig. 6. The peak photosynthesis timing (PPT) for different biomes. (a) GPP_DT_CUT_REF, (b) GPP_DT_VUT_REF, (c) GPP_NT_CUT_REF, (d) GPP_NT_VUT_REF. 
GRA: grassland, CRO: cropland, DBF: deciduous broadleaf forest, ENF: evergreen needleleaf forest, MF: mixed forest, WET: wetland, WSA: woody savannas. MA, SG, 
CS, PN, AG, and DL represent the moving averaging filter, Savitzky-Golay filter, cubic smoothing spline, polynomial, asymmetric Gaussian, and double logistic 
function, respectively. 
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FLUXNET2015 dataset (Pastorello et al., 2020).The impacts of different 
GPP estimates on the PPT and their trends, need to be compared. We 
chose four typical GPP estimates from the dataset (GPP_DT_CUT_REF, 
GPP_DT_VUT_REF, GPP_NT_CUT_REF, GPP_NT_CUT_REF), considering 
their representativeness and the partitioning method and the USTAR 
threshold that was used. We found that PPT estimates derived from GPP 
based on the same partitioning method but on different USTAR 
thresholds, were closely correlated. The coefficient of correlation 
decreased between PPT estimates that were derived from different 
partitioning methods and different USTAR thresholds (Figs. 3 and 6). In 
other words, different GPP estimates may lead to different PPT estimates 
being derived. We compared the means of the PPT estimates based on 
each of the different GPP estimates and did not find any significant 
differences (Fig. 4). In addition, we compared the PPT trends derived 
from different GPP estimates and found that there were no differences at 
different flux sites. Different partitioning methods and USTAR thresh
olds result in different GPP estimates, and this affects the PPT derived 
from the annual GPP time-series. However, different GPP estimates do 
not lead to different estimated PPT trends at each flux site. 

4.2. Impact of different fitting methods 

The first step in extracting phenological metrics from raw VIs 
observed by satellites or from GPP flux-tower measurements is to 
smooth the data, using one of a range of different fitting methods 
(Atkinson et al., 2012; Tian et al., 2021; Wang et al., 2017; Wang et al., 
2017; Yuan et al., 2018). To evaluate the performance of different fitting 
methods for PPT estimation, we selected six commonly used fitting 
methods and divided them into local and global fitting methods. First, 
we evaluated the goodness of fit (GOF) for different fitting methods 
(Tables S2 and S3). We found fidelity was better for local fitting 
methods, while fitness was better for global fitting methods. Possible 
reasons are as follows: The local fitting methods reconstruct time-series 
in a given time window. For this reason, the local fitting method could 
preserve the local extremum and its position. The global fitting ap
proaches merge multiple local functions to obtain a single fit and uses 
more free parameters to achieve a good fitness. Of the global fitting 
methods, PN resulted in a slightly weaker correlation between the fit and 
the GPP time-series than AG and DL did, as shown by R2, which is 
consistent with findings from a previous study (Rodrigues et al., 2012). 

Fig. 7. The peak photosynthesis timing (PPT)trends from six fitting methods at used sites. GRA: grassland, CRO: cropland, DBF: deciduous broadleaf forest, 
ENF: evergreen needleleaf forest, MF: mixed forest, WET: wetland, WSA: woody savannas. This is an example using GPP_DT_CUT_REF. 
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The bias was slightly higher for the AG and DL methods than for PN, 
which probably indicates that the predicted values deviated from the 
raw data to achieve a better global fit (Atkinson et al., 2012; Cai et al., 
2017). In general, the AIC of DL was lower than that of AG and DL 
(Table S3). Secondly, we compared the PPT estimates derived from 
different fitting methods. In general, we found a wider range of PPT 
estimates resulted from the local fitting than from the global methods 
(Figs. 3 and 6). The local fitting approaches are more likely to preserve 
the position of local maxima (Jönsson and Eklundh, 2002, 2004), and 
the estimated PPT may reflect fluctuations in the original GPP estimate. 
This effect can be seen in the higher standard deviations for PPT esti
mates resulting from three local fitting methods than for estimates from 
the global fitting methods (Fig. S5). PPT estimates from the PN fitting 
method were the most centralized (Fig. 3d) and were always later than 
the PPT estimates from the other five fitting methods in all biomes 
(Figs. 5 and 6). This may be related to the six-degree PN function, shaped 
like an inverted U, and is symmetric within an area near the maxima 
(Elinav et al., 2005; Wang et al., 2017). As a result of this shape, this 
method may not capture the variability of the original data peak. We 
found that the choice of different fitting methods significantly impacted 
the estimated PPT trend. Based on the above comparison, we considered 
DL was the most reliable fitting method in PPT extraction and following 
analyses. 

4.3. Impact of different biomes 

Phenological metrics derived from flux-tower measurements of GPP 
have been widely used for validating PPT estimates derived from remote 
sensing data (Gonsamo et al., 2012; Tang et al., 2015; Wu et al., 2012; 
Zhao et al., 2020), yet the potential of GPP to predict PPT varies sub
stantially across different biomes. Differences in the physiological 
properties of different biomes may play a fundamental role in deter
mining the potential of GPP for PPT modeling. The plateau length in the 
curve fitted to data for each biome may be the key physiological feature 
that affects PPT estimates. To analyze the relationship between PPT and 
plateau length, we first used LOP proposed by Gonsamo et al. (2013) to 

measure the plateau length for different biomes. We found a larger LOP 
for the ENF, DBF, and MF biomes than for the GRA, CRO, WET, and WSA 
biomes. Deriving PPT from the curves of NDVI or GPP is different from 
the extraction of SOS or EOS. SOS and EOS are found on the rising and 
falling parts of the fitted curve, which are monotonic in shape (Li et al., 
2017; Testa et al., 2018; Xiao et al., 2006; Zhang et al., 2005). PPT is 
detected in a plateau of the fitted curve, which is sensitive to fluctuations 
in the original data (Fig. S3). The LOP was greatest for the curve fitted 
for the ENF biome, followed by the curves for the DBF and MF biomes. 
The significantly different performance of the different fitting methods 
for PPT estimation showed that the larger LOP would lead to lower 
certainty in the PPT estimation (Figs. 5 and S5). The daily GPP data 
fluctuated more widely in the plateau part of the curve than in 
increasing and falling phases (Fig. S3). The plateau usually occurs in 
summer, and fluctuations may be attributable to variable photosyn
thetically active radiation (APAR) and/or to temperature (Schubert 
et al., 2010; Xiao et al., 2021; Xu et al., 2020). Outliers to the distri
butions for the ENF, DBF, and MF biomes also suggest that the plateau 
may be a critical physiological feature for PPT estimation (Fig. 6) since 
these biomes are associated with a long and fluctuating plateau, which 
makes PPT estimation less certain. 

4.4. Differences in PGT and PPT 

Structural VIs, for example, NDVI and EVI, have been widely 
employed to identify photosynthetic phenology in the last decade 
(Chang et al., 2019; D’Odorico et al., 2015; Gonsamo et al., 2012; Shen 
et al., 2014; Yin et al., 2020). In recent years, more and more trending 
and attributing research on PPT have relied on structural VIs (Gonsamo 
et al., 2018; Wang and Wu, 2019; Xu et al., 2016; Yang et al., 2019). 
However, whether the VIs-based PGT trend is consistent with tower flux 
GPP-based PPT trend has not been compared. We found an advancing 
PGT trend based on SPOT-VGT NDVI, consistent with previous studies 
based on NDVI (Gonsamo et al., 2018; Wang and Wu, 2019; Xu et al., 
2016). However, the results from this study indicated that GPP-based 
PPT showed a delaying trend, which is contrary to previous studies 

Fig. 8. The peak greenness timing (PGT) and 
peak photosynthesis timing (PPT) trends at 
selected flux sites. MA, SG, CS, PN, AG, and 
DL represent the moving averaging filter, 
Savitzky-Golay filter, cubic smoothing spline, 
polynomial, asymmetric Gaussian, and double 
logistic function, respectively. The bars below 
zero indicate the percentage of sites with 
advancing PPT/PGT trend estimates, and the 
bars above zero represent the percentage of 
sites with delaying PPT/PGT trend estimates. 
The red or blue colour indicates that the trend is 
significant (p < 0.05). The red dotted lines show 
where the estimated trend is significant for 50% 
of sites.   
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based on NDVI. The main possible reasons are as follows: (1) Premature 
saturation of NDVI in the early stage of peak season may be a critical 
reason to explain that GPP-based PPT is later than the NDVI-based PGT. 
The low correlation between NDVI-based PGT and GPP-based PPT in our 
previous study also indicates that NDVI-based PGT is not a good sur
rogate of GPP-based PPT when taking all biomes into account (Fig. 9). 
(2) Actual photosynthetic activity does not reach the peak when the 
canopy structure reaches maturity. Photosynthetic capability is closely 
related to leaf mass per area and leaf chlorophyll content, asynchronism 
exists in leaf development and photosynthesis capability (Gamon et al., 
1995; Muraoka and Koizumi, 2005). In general, the mismatch and 
different trends between NDVI-based PGT and GPP-based PPT could be 
attributed to that VIs are more suitable for describing the ecosystem 
structure and canopy development rather than ecosystem activity. 
Furthermore, we explored the correlations between PPT and available 
environmental factors (i.e., average air temperature, accumulated 
incoming shortwave radiation, accumulated precipitation, average 
vapor pressure deficit, and average soil temperature in spring and 
summer) at each flux site (Figs. S7 and S8). The result suggested that 
summer air and soil temperature were two main controls and positively 
correlated with PPT. In addition, summer vapor pressure deficit was 
another important factor and negatively correlated with PPT. Our study 
suggested that the number of sites controlled by air and soil temperature 
was slightly more than that controlled by vapor pressure deficit. More
over, air and soil temperature showed an increasing trend at more sites. 
We considered that rising temperature (soil and air temperature) 
contributed more to the delaying PPT. We believed that the delaying 
PPT was a complex question because it involves pre-season climatic 
factors, but also pre-season phenological indicators related to PPT (e.g., 
SOS). Therefore, more detailed physiological mechanisms should be 
discussed in the future. 

4.5. Limitations and uncertainties 

Carbon phenology data derived from flux-tower measurements are 
regarded as crucial validation data for results derived from remote 
sensing data. However, the quality of phenological metrics derived from 
tower flux GPP is not widely reported, and this is especially true for PPT. 
We systematically compared PPT estimates derived from four different 

typical GPP estimates, using six different fitting methods, in seven 
different and widespread biomes to better ensure the robustness of our 
results. However, there remain some shortcomings in the current study. 
Firstly, we did not examine whether the rules used to calculate PPT 
affect the estimated PPT trend. In most previous studies, PPT has been 
considered to be the timing of the maxima on the fitted curve (Li et al., 
2020; Park et al., 2019; Wang and Wu, 2019; Gonsamo et al., 2012; Yang 
et al., 2019). Wang et al. (2020) took the average of the times the fitted 
time-series crossed a threshold (e.g., 80%) on the rising and falling parts. 
TIMESAT, a widely-used software in phenology research, also took PPT 
to be the average of two specific phases (Jönsson and Eklundh, 2004). 
Secondly, it may be appropriate to reconsider the current definition of 
PPT so as to take the physiological properties of different biomes into 
account. For GRA and CRO, the present definition may be appropriate as 
there was a short plateau period on the fitted curve. Different fitting 
methods resulted in relatively consistent PPT estimates for these biomes 
in this study. For DBF and ENF, there was a long plateau on the fitted 
GPP curve, making it hard to determine which date should be regarded 
as the PPT for these biomes. It may be more rational to regard PPT as a 
period rather than a point on the fitted curve for these biomes. Thirdly, 
solar-induced chlorophyll fluorescence (SIF) may be a better surrogate 
for GPP in the PPT study. SIF and GPP both are physiological parameters 
of plants, and a strong correlation has been proved in multiple flux sites 
(Li et al., 2018). Lastly, the results in this study indicate that, to improve 
PPT estimates and optimize current models, more attention should be 
paid to the rules used to calculate PPT. For example, the physiological 
properties of different biomes should be accounted for, and the perfor
mance of present fitting approaches should be assessed. 

5. Conclusion 

PPT modeling using GPP from flux towers remains a challenge; 
however, this is crucial to understanding photosynthetic capability and 
validating results derived from remote sensing data. Our study provides 
several valuable findings. Firstly, different GPP estimates may affect the 
PPT for an individual year, but PPT trends derived from four different 
GPP estimates were consistent. Secondly, all the fitting methods resulted 
in consistent estimates of PPT for GRA, CRO, WET, and WSA.While, 
different fitting methods exhibited different and limited capabilities in 

Fig. 9. Correlations between the peak photosynthesis timing (PPT) and the peak greenness timing (PGT). MA, SG, CS, PN, AG, and DL represent the moving 
averaging filter, Savitzky-Golay filter, cubic smoothing spline, polynomial, asymmetric Gaussian, and double logistic function, respectively. 
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PPT prediction for DBF, MF, and ENF. The principle of the fitting method 
and the physiological properties of the biome may result in performance 
differences. Lastly, we did not find an overall advancing PPT trend using 
GPP estimates from 48 flux sites. Our results suggest the principle of 
fitting methods and the physiological property of the biome are two 
main factors in PPT estimation. More importantly, PGT is not a good 
surrogate of PPT; therefore, the PPT trends on the regional scales based 
on VIs should be viewed with caution in previous studies. 
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Paruelo, J.M., Jobbágy, E.G., Sala, O.E., 2001. Current distribution of ecosystem 
functional types in temperate South America. Ecosystems 4 (7), 683–698. https:// 
doi.org/10.1007/s10021-001-0037-9. 

Z. Ge et al.                                                                                                                                                                                                                                       

https://doi.org/10.1016/j.agrformet.2022.109054
https://doi.org/10.1016/j.rse.2012.04.001
https://doi.org/10.1016/j.rse.2012.04.001
https://doi.org/10.3390/RS12183077
https://doi.org/10.3390/rs9121271
https://doi.org/10.1016/j.agrformet.2019.06.002
https://doi.org/10.1016/j.agrformet.2019.06.002
https://doi.org/10.1016/j.rse.2004.03.014
https://doi.org/10.1016/j.rse.2004.03.014
https://doi.org/10.1109/TGRS.2006.872089
https://doi.org/10.1109/TGRS.2006.872089
https://doi.org/10.1111/gcb.14638
https://doi.org/10.1016/j.agrformet.2012.06.009
https://doi.org/10.1016/j.agrformet.2012.06.009
https://doi.org/10.1016/j.agrformet.2015.07.005
https://doi.org/10.1016/j.agrformet.2015.07.005
https://doi.org/10.1111/j.1572-0241.2005.41822.x
https://doi.org/10.1111/j.1365-2486.2011.02521.x
https://doi.org/10.1111/j.1365-2486.2011.02521.x
https://doi.org/10.5194/bg-15-5377-2018
https://doi.org/10.1111/gcb.12950
https://doi.org/10.2307/1942049
https://doi.org/10.1016/j.agrformet.2021.108489
https://doi.org/10.1016/j.ecolind.2012.12.026
https://doi.org/10.1029/2012JG002070
https://doi.org/10.1111/gcb.14001
https://doi.org/10.1016/j.agrformet.2012.06.006
https://doi.org/10.1016/j.agrformet.2012.06.006
https://doi.org/10.1029/2001jd001242
https://doi.org/10.1007/978-1-4419-0026-5_2
https://doi.org/10.1007/978-1-4419-0026-5_2
https://doi.org/10.1016/j.agrformet.2014.03.010
https://doi.org/10.1016/j.agrformet.2014.03.010
https://doi.org/10.1016/j.rse.2012.03.025
https://doi.org/10.1109/TGRS.2002.802519
https://doi.org/10.1109/TGRS.2002.802519
https://doi.org/10.1016/j.cageo.2004.05.006
https://doi.org/10.1016/j.cageo.2004.05.006
https://doi.org/10.5194/bg-11-4305-2014
https://doi.org/10.5194/bg-11-4305-2014
https://doi.org/10.1029/2020JG005636
https://doi.org/10.1029/2020JG005636
https://doi.org/10.1016/j.ecolind.2019.105732
https://doi.org/10.1016/j.ecolind.2019.105732
https://doi.org/10.1111/gcb.14297
https://doi.org/10.1111/gcb.13562
https://doi.org/10.1016/j.agrformet.2011.05.012
https://doi.org/10.1016/j.agrformet.2011.05.012
https://doi.org/10.1016/j.agrformet.2005.08.013
https://doi.org/10.1016/j.agrformet.2005.08.013
https://doi.org/10.1111/gcb.14638
https://doi.org/10.1007/s10021-001-0037-9
https://doi.org/10.1007/s10021-001-0037-9


Agricultural and Forest Meteorology 323 (2022) 109054

12

Pastorello, G., Trotta, C., Canfora, E., Chu, H., Christianson, D., Cheah, Y.W., 
Poindexter, C., Chen, J., Elbashandy, A., Humphrey, M., Isaac, P., Polidori, D., 
Ribeca, A., van Ingen, C., Zhang, L., Amiro, B., Ammann, C., Arain, M.A., Ardö, J., 
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