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Abstract

Climate change is lengthening the growing season of the Northern Hemisphere extrat-

ropical terrestrial ecosystems, but little is known regarding the timing and dynamics of

the peak season of plant activity. Here, we use 34-year satellite normalized difference

vegetation index (NDVI) observations and atmospheric CO2 concentration and d13C

isotope measurements at Point Barrow (Alaska, USA, 71°N) to study the dynamics of

the peak of season (POS) of plant activity. Averaged across extratropical (>23°N) non-

evergreen-dominated pixels, NDVI data show that the POS has advanced by

1.2 � 0.6 days per decade in response to the spring-ward shifts of the start

(1.0 � 0.8 days per decade) and end (1.5 � 1.0 days per decade) of peak activity, and

the earlier onset of the start of growing season (1.4 � 0.8 days per decade), while

POS maximum NDVI value increased by 7.8 � 1.8% for 1982–2015. Similarly, the

peak day of carbon uptake, based on calculations from atmospheric CO2 concentra-

tion and d13C data, is advancing by 2.5 � 2.6 and 4.3 � 2.9 days per decade, respec-

tively. POS maximum NDVI value shows strong negative relationships (p < .01) with

the earlier onset of the start of growing season and POS days. Given that the maxi-

mum solar irradiance and day length occur before the average POS day, the earlier

occurrence of peak plant activity results in increased plant productivity. Both the

advancing POS day and increasing POS vegetation greenness are consistent with the

shifting peak productivity towards spring and the increasing annual maximum values

of gross and net ecosystem productivity simulated by coupled Earth system models.

Our results further indicate that the decline in autumn NDVI is contributing the most

to the overall browning of the northern high latitudes (>50°N) since 2011. The spring-

ward shift of peak season plant activity is expected to disrupt the synchrony of biotic

interaction and exert strong biophysical feedbacks on climate by modifying the surface

albedo and energy budget.
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1 | INTRODUCTION

Changes in land surface phenology (LSP) events, defined as the timing

of recurring seasonal pattern of variation in vegetated land surfaces

observed from synoptic sensors (Gonsamo, Chen, Wu, & Dragoni,

2012), indicate changes in ecosystem functioning (Hegland, Nielsen,

Lazaro, Bjerknes, & Totland, 2009; Parmesan, 2006; Parmesan & Yohe,

2003; Walther et al., 2002) and lead to multiple feedbacks to the

Received: 2 October 2017 | Revised: 10 November 2017 | Accepted: 21 November 2017

DOI: 10.1111/gcb.14001

Glob Change Biol. 2018;24:2117–2128. wileyonlinelibrary.com/journal/gcb © 2017 John Wiley & Sons Ltd | 2117

http://orcid.org/0000-0002-2461-618X
http://orcid.org/0000-0002-2461-618X
http://orcid.org/0000-0002-2461-618X
http://wileyonlinelibrary.com/journal/GCB


climate system (Penuelas, Rutishauser, & Filella, 2009; Richardson

et al., 2013; Zeng et al., 2017). There are strong evidences of warm-

ing-induced advances in the start of the growing season (SOS; Cleland,

Chuine, Menzel, Mooney, & Schwartz, 2007; Menzel et al., 2006;

Walther et al., 2002), delays in the end of growing season (EOS; Gar-

onna et al., 2014; Gonsamo & Chen, 2016) and as a result enhanced

carbon (C) uptake in the northern ecosystems (Forkel et al., 2016;

Gonsamo, D’odorico, Chen, Wu, & Buchmann, 2017; Graven et al.,

2013; Keeling, Chin, & Whorf, 1996; Keeling et al., 2005; Keenan

et al., 2014; Myneni, Keeling, Tucker, Asrar, & Nemani, 1997). Yet, lit-

tle is known about the dynamics of the peak of season (POS) of plant

activity in response to global change. The POS indicates the time at

which seasonal leaf area index (LAI) and photosynthetic capacity reach

its maximum, while the POS value, for example as measured by nor-

malized difference vegetation index (NDVI), indicates the maximum

level of seasonal photosynthetic capacity.

High latitude plants have adapted to relatively colder tempera-

tures, but contemporary air temperatures are still much lower than

average temperatures at which plants achieve a maximum rate of

photosynthesis (Lambers & Chapin, 1998). Thus, high latitude ter-

restrial ecosystem productivity is still limited by summer tempera-

tures, which restrict the amount of plant vegetative growth

possible in any year. Several studies suggest the POS vegetation

greenness for northern plants is increasing in response to summer

warming as measured by POS NDVI value (maximum value of the

NVDI over a year; Bhatt et al., 2010; Raynolds, Comiso, Walker, &

Verbyla, 2008), irrespective to trends of plant activity in spring

(Verbyla, 2008), which was also confirmed by experimental warm-

ing (Walker et al., 2006). The length and the timing of POS are

not only indispensable indicators of Earth’s physical systems

through altered surface albedo and energy budget (Penuelas et al.,

2009; Richardson et al., 2013; Zeng et al., 2017) and maximum C

uptake as shown by increased peak-to-trough CO2 amplitude

(Forkel et al., 2016; Gonsamo et al., 2017; Graven et al., 2013;

Keeling et al., 1996, 2005; Keenan et al., 2014; Myneni et al.,

1997), but also important indicators of ecological functions by pro-

viding maximum habitat and forage for animals and synchrony to

plant–pollinator interactions (Hegland et al., 2009). However, the

POS timing, such as the start (SOP), the end (EOP) and the length

(LOP) of peak season plant activity, or their responses to recent

warming are not well known. We define SOP and EOP as the

onset and offset of maximum LAI for a given environmental and

edaphic condition in a given year. Similar approaches have been

used to define peak seasonality in previous studies (e.g. Buiten-

werf, Rose, & Higgins, 2015; Gonsamo, Chen, & D’odorico, 2013;

Sweet, Griffin, Steltzer, Gough, & Boelman, 2015). Satellite NDVI

records capture changes both in LAI and leaf chlorophyll content.

In the Northern Hemisphere extratropical terrestrial ecosystems,

peak plant activity occurs at some point in summer during which

little or no change in LAI and chlorophyll content happens (Croft,

Chen, & Zhang, 2014). Furthermore, the peak LAI, chlorophyll con-

tent and photosynthetic activity indicators all occur relatively at

the same time between SOP and EOP (Croft et al., 2017).

Therefore, we here simply define POS as a day of year halfway

between SOP and EOP.

Xu, Liu, Williams, Yin and Wu (2016) found trends towards ear-

lier POS throughout the majority of Northern Hemisphere mid-lati-

tude vegetated areas attributed to warning-induced increases in

annual accumulation of growing degree days (GDD). It is not explic-

itly clear, however, that the observed shift towards earlier POS is in

response to the widely reported advance of the start of growing sea-

son (Cleland et al., 2007; Menzel et al., 2006; Walther et al., 2002)

or related to the overall shift of the peak season vegetation activity

towards spring. Moreover, the impacts of changes in POS timing and

magnitude on overall C uptake of the Northern Hemisphere ecosys-

tems remain unclear.

Here, we investigate changes in the POS plant activity of non-

evergreen-dominated pixels in the Northern Hemisphere extratropi-

cal ecosystems defined as regions north of 23°N using 34 years

(1982–2015) of NDVI data obtained from the biweekly 8 km Global

Inventory Modeling and Mapping Studies (GIMMS) third-generation

(NDVI3g; Pinzon & Tucker, 2014) observations. To investigate the

impact of shifting POS of plant activity on terrestrial ecosystem C

uptake, we use the atmospheric CO2 and d13C measurements at

Point Barrow (Alaska, USA, 71°N.) for 1982–2015. Terrestrial bio-

sphere CO2 fluxes and seasonality can be distinguished using atmo-

spheric d13C data because the rare 13C stable isotope is strongly

fractionated during the C3 photosynthesis by the terrestrial bio-

sphere altering the 13C of atmospheric CO2 far more than the

oceans (Keeling et al., 2005).

Earth system models (ESMs) that participated in the Fifth Cou-

pled Model Intercomparison Project (CMIP5) represent our collective

best approximation of future global C dynamics (Friedlingstein et al.,

2014), but they face a difficult challenge of representing subtle

changes in C cycle seasonality. Here, we evaluate whether changes

in the POS plant activity observed from NDVI and atmospheric CO2

and d13C are captured in gross primary productivity (GPP) and net

ecosystem productivity (NEP) obtained from fully coupled model

simulations driven by prescribed CO2, climate and land use change

forcing for “historical” scenario (Taylor, Stouffer, & Meehl, 2012) for

the recent past (1960–2005).

2 | MATERIALS AND METHODS

2.1 | Data

2.1.1 | Satellite normalized difference vegetation
index data

Thirty-four-year (1982–2015) NDVI data were obtained from the

biweekly 8 km Global Inventory Modeling and Mapping Studies

(GIMMS) third-generation (NDVI3g; Pinzon & Tucker, 2014) observa-

tions that are derived from satellite-based surface reflectance from the

Advanced Very High Resolution Radiometer (AVHRR) series of sensors.

GIMMS NDVI3g product has been carefully assembled from different

AVHRR sensors, correcting for several effects, such as sensor
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degradation, orbit drift and volcanic eruption. NDVI values that are

<0.1 were removed from the entire analysis, as they were interpreted

to be from the nonvegetated land pixels. All NDVI data were regridded

to 0.5° 9 0.5° equal area grids using the bilinear interpolation method

to match with the climate data and to diminish the effects of stochastic

noise that could be caused by nonclimatic drivers such as local-scale

disturbances and land cover changes. Then, the 34-year biweekly NDVI

values corresponding to all land pixels of the Northern Hemisphere

extratropical terrestrial ecosystems, here defined as regions north of

23°N, were used to extract various land surface phenology metrics.

2.1.2 | Atmospheric CO2 concentration and 13C/12C
isotope ratio data

Daily atmospheric flask CO2 mole fractions (ppm) and 13C/12C iso-

tope ratio measured at Point Barrow (Alaska, USA: 71.3°N, 156.6°W,

11 m.a.s.l.) were obtained from the Scripps CO2 Program for 1982–

2015 (Keeling et al., 2005). The 13C/12C isotope ratio records,

expressed in delta notation, are calculated as follows:

d13C ¼ Rsample � Rstandard

Rstandard
(1)

where R denotes the 13C/12C molar ratio of CO2, and the subscripts

refer to the measured sample and the international standard (Keeling

et al., 2005).

2.1.3 | CMIP5 gross primary productivity and net
ecosystem productivity data

Data from individual Earth system models (ESMs) were downloaded

from the Fifth Coupled Model Intercomparison Project (CMIP5)

archive (Table S1). These data included monthly GPP and NEP for

“historical” scenario (Taylor et al., 2012) from fully coupled model

simulations driven by prescribed CO2, climate and land use change

forcing. The data for 1960–2005 were used to obtain the trend

statistics that are reliable across large interannual and decadal vari-

ability. We used all ESMs with complete data records included in the

fully coupled model simulations. The CMIP5 ensemble included six

members, and its variability was calculated as half standard deviation

(�0.5STDEV) around the mean, meaning the error bars represent

one standard deviation. All CMIP5 GPP and NEP were spatially aver-

aged over the northern high latitudes (>50°N) from their native grid

sizes to represent the typical high latitude terrestrial ecosystems.

2.1.4 | Growing season land climate data

The growing season mean temperature and the total precipitation

data were obtained from the monthly gridded Climatic Research Unit

(CRU TS 3.24.01; Harris, Jones, Osborn, & Lister, 2014) data at

0.5 9 0.5 degree resolution for 1982–2015. The monthly aggregated

GIMMS NDVI data were used to define the growing season for the

land climate data. Only monthly climate grids with NDVI values

above 0.1 were selected.

2.1.5 | Land surface phenology metrics calculation
for NDVI, CO2, d

13C, GPP and NEP

Land surface phenology (LSP) is defined as the study of the timing

of recurring seasonal pattern of variation in vegetated land surfaces

observed from synoptic sensors (Gonsamo et al., 2012). LSP is a key

and a collective indicator of the terrestrial ecosystem dynamics

under global change. Among several LSP metrics (see e.g. Gonsamo

et al., 2013), we calculated the following variables: start of growing

season (SOS), end of growing season (EOS), length (LOS) of growing

season, start of peak growth (SOP), end of peak growth (EOP),

length (LOP) of peak growth and peak of season (POS). Except for

LOS and LOP for which the unit is “number of days in a year,” all

other LSP metrics’ unit is “day of year.” To extract these LSP metrics,

F IGURE 1 Schematic for the start of growing season (SOS), end of growing season (EOS), length of growing season (LOS), start of peak
growth (SOP), end of peak growth (EOP), length of peak growth (LOP) and peak of season (POS) calculations from daily, biweekly or monthly
NDVI, CO2, d

13C, GPP or NEP data records [Colour figure can be viewed at wileyonlinelibrary.com]
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the following seven-parameter logistic function is fitted to biweekly

NDVI, daily CO2 and d13C, or monthly GPP and NEP data records:

YðtÞ ¼ a1 þ a2
1þ e�@1 t�b1ð Þ �

a3
1þ e�@2 t�b2ð Þ (2)

where Y(t) is the observed data value at a day of year (DOY) t; a1 is

the winter dormant period value; a2 - a1 is the amplitude between

the winter dormant period, and the spring and early summer plateau;

and a3 - a1 is the amplitude between the winter dormant period,

and the late summer and autumn plateau. @1 and @2 are the transi-

tions in slope coefficients, while b1 and b2 are the mid-points in

DOY of these transitions for green-up and senescence/abscission,

respectively.

The NDVI, CO2, d
13C, GPP or NEP time series are usually irregu-

larly spaced, heterogeneous, unknown in quality and nature of curve

shapes across large ranges of latitudes and plant functional types.

They can also contain a large amount of missing values. The use of

Equation (2) on such time series serves several purposes. First, if

Equation (2) with well-defined bounds constrained quasi-Newton

method called PORT algorithm (Fox, 1984) failed to converge on

NDVI time series, we assumed either the data quality is too poor or

the land pixel has no distinct seasonality. This is expected in an ever-

green forest. We then removed those pixels from all 34-year NDVI

data series even if the convergence failed for a single year. As we

were conducting regional-scale seasonality analysis, the remaining

valid pixels were assumed to be representative of the Northern Hemi-

sphere extratropical terrestrial ecosystems’ non-evergreen-dominated

pixels as related to their responses to global change. Second, Equa-

tion (2) serves as both a gap-filling technique for missing data and a

first step to extract LSP metrics simultaneously. Equation (2) is applied

on a year-by-year basis on daily, biweekly or monthly data records by

providing the first guess values for the seven parameters while the

final values are solved with maximum of 2,000 iterations.

From the fitted seven parameters, the LSP metrics (see schematics

in Figure 1) can be mathematically estimated as the minima and max-

ima of the first, second and third derivatives by applying the triangle

identity theory (see detailed procedures in Gonsamo et al. (2013)):

SOS ¼ b1 (3)

EOS ¼ b2 (4)

LOS ¼ EOS� SOS (5)

SOP ¼ b1 þ
4:562
2@1

(6)

EOP ¼ b2 �
4:562
2@2

(7)

LOP ¼ EOP� SOP (8)

POS ¼ SOPþ ðLOP=2Þ (9)

Further details for derivation of inflection points from sigmoid

curves can be found in statistical books (e.g. Johnson, Eyring, &

Stover, 1974). Equations (3–9) were used to retrieve all LSP metrics

from the NDVI data. Satellite-based NDVI values are known to be

affected by atmospheric perturbation; therefore, we use two meth-

ods to estimate the peak season maximum NDVI value. First, we

directly extract the maximum annual values for each pixel from the

raw biweekly NDVI data. Second, we use the estimated peak of sea-

son (POS) day of year from Equation (9) and estimate the maximum

NDVI value using Equation (2) by replacing t with the estimated

POS value.

Only POS days are extracted from the atmospheric CO2 and

d13C records. As the nature of the curves and the data quality and

quantity of CO2 and d13C records are not as well defined as the

NDVI double-logistic time series, we use different method (see

Equation 10 below and Gonsamo et al., 2017) to extract POS:

POS ¼ 1:317 � 1
@1

����
����þ b1

� �
(10)

From CMIP5 GPP and NEP ensemble means and �0.5STDEV, the

peak season maximum values are directly extracted as a maximum

annual value from the raw monthly data. POS values from CMIP5 GPP

and NEP are estimated using Equation (9). In summary, POS days from

NDVI, GPP and NEP are estimated using Equation (9) whereas from

atmospheric CO2 and d13C using Equation (10).

2.2 | Analyses

All trend statistics are calculated using the Mann–Kendall test and the

Theil–Sen slope estimator. Uncertainty in the trend slope is calculated

as a mean value of the difference between the estimated slope and

the lower and upper 95% confidence limits. All significance levels

reported in this study are estimated with a two-tailed test. All statisti-

cal analysis and tests are conducted using R version 3.3.1 (The R

Foundation for Statistical Computing). In addition, we use the follow-

ing R libraries for data management, plotting the results, spatial and

statistical analyses: raster, rgdal, RNetCDF, Kendall, ggplot2, ggth-

emes, zyp and MASS. Equation (2) was fitted using R nls(). Spatial

F IGURE 2 Trends in land surface phenology of the Northern Hemisphere extratropical ecosystems for 1982–2015. Spatial distributions of
the trends of the start (SOS), the end (EOS) and the length (LOS) of growing season are given in (a,b,c), while the trends of their spatially
averaged values are given in (d,e,f), respectively. Spatial distributions of the trends of the start (SOP), the end (EOP) and the length (LOP) of
peak are given in (g,h,i), while the trends of their spatially averaged values are given in (j,k,l), respectively. Theil–Sen slope of trend and its p-
value (two-tailed) are given in all scatter plots where the shaded area represents the 95% confidence limit of the estimated slope. Trend
legend, days per year, presented at the top of the figures is for all maps. Scatter plots present trend statistics averaged across extratropical
(>23°N) non-evergreen-dominated pixels [Colour figure can be viewed at wileyonlinelibrary.com]
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mapping has been conducted using ArcMap version 10.4.1. As

changes in NDVI seasonality does not, and should not, be expected to

align with changes in GPP, NEP, atmospheric CO2 or 13C/12C isotope

ratio seasonality, we rely on the standardized anomaly, which is the

annual anomaly divided by the climatological standard deviation, to

study the consistency of changes among plant activity measures.

It is important to note that we focus this analysis on 34-year

trends, not interannual covariability assessments, because the CMIP5

ESMs runs considered in this study are not designed to capture short-

term changes in plant activities. Additionally, perturbations on NDVI

cannot be linked to linear changes in GPP, NEP, atmospheric CO2 or
13C/12C isotope ratio. Therefore, we rely on trend analysis, each calcu-

lated separately, instead of interannual covariability assessments.

3 | RESULTS

3.1 | Changing start, end and length of growing
season

The Northern Hemisphere extratropical terrestrial ecosystems show

a persistent advance of the start of growing season (SOS), on aver-

age by 0.14 � 0.1 days per year (p = .003; Figure 2a,d). The

observed trend is consistent with the widely reported previous find-

ings of warming-induced earlier onset of springtime plant activities

from multiple satellite sensors in the Northern Hemisphere extrat-

ropical terrestrial ecosystems (Barichivich et al., 2013; Cleland et al.,

2007; Garonna et al., 2014; Gonsamo & Chen, 2016; Menzel et al.,

2006; Walther et al., 2002). Conversely, the end (EOS) and the

length (LOS) of the growing seasons are delaying and lengthening,

respectively, for mid-latitudes, while the opposite is true for polar

regions (Figure 2b,c). Averaged for the entire study area, EOS and

LOS are delaying and lengthening, respectively, for 1982–2010 per-

iod while, starting in the year 2011, the trend dramatically shifts to

earlier EOS and shorter LOS (Figure 2e,f).

3.2 | Timing and dynamics of peak season plant
activity

In response to the earlier SOS of the Northern Hemisphere extrat-

ropical terrestrial ecosystems, the start of peak (SOP) plant activity is

arriving earlier (Figure 2g), on average by about 0.1 � 0.08 days/

year (p = .027; Figure 2j). The end of peak (EOP) plant activity is

also arriving earlier (average of 0.15 � 0.1 days/year, p = .005, Fig-

ure 2k), while the length of peak (LOP) plant activity remains stable

(Figure 2i,l). In addition, the POS day of year is shifting towards

spring by about 0.12 � 0.06 days/year (p = .0006; Figure 3a,b).

Given that the EOS, LOS and LOP have not changed significantly

(Figure 2), the earlier onset of SOS, SOP, EOP and POS generally

indicate the shift of peak plant growth towards spring in the North-

ern Hemisphere extratropical terrestrial ecosystems. This is further

supported by the strong relationship of SOS with peak period sea-

sonality indicators (SOP, EOP, LOP and POS; Table 1) and the

spring-ward shift of the monthly averaged NDVI values for northern

high latitudes (>50°N; Figure 4b). POS day of year obtained from

Point Barrow atmospheric CO2 and d13C measurements as peak day

of C uptake and CMIP5 GPP and NEP simulations all show peak sea-

son plant activity is shifting towards spring (Figure 5 and Figure S3).

3.3 | Impact of shifting peak season plant activity
on vegetation productivity

To further assess the implication of the spring-ward shift of peak

plant activity on overall vegetation productivity, we analyse the

F IGURE 3 Trends of NDVI peak of season (POS) day of year (DOY)
values. (a) The spatial distribution of POS DOYs trends for 1982–2015.
(b) The trend of the spatially averaged values of (a). Theil–Sen slope of
trend and its p-value (two-tailed) are given in (b) where the shaded area
represents the 95% confidence limit of the estimated slope [Colour
figure can be viewed at wileyonlinelibrary.com]
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trends in maximum growing season productivity both from satellite

observations and CMIP5 GPP and NEP simulations for the recent

past. The trends in the maximum annual NDVI value calculated for

the POS day of year (POS value) using the curve-fitting algorithm

and obtained directly from biweekly raw data (maximum) for 1982–

2015 show vigorously increasing annual maximum vegetation green-

ness (Figure 6a-c and Figure S4). The results presented in Figure 6a–

c show there is no discernible difference in the peak season maxi-

mum NDVI trends using both methods. The NDVI-based trends for

1982–2005 are consistent with ESMs simulations for the same per-

iod, where the maximum annual GPP and NEP obtained from

ensemble mean of monthly historic simulation of ESMs for the

northern high latitudes (>50°N) show increasing trends (Figure 6 and

Figure S4).

It is evident that the maximum annual NDVI values calculated

from the curve-fitting algorithm (POS value) and obtained directly

from biweekly raw data (Maximum) have strong negative correla-

tions with the earlier onset of SOS and POS days (Table 1). The

spatial distributions of the interannual relationships of POS day

from NDVI and POS value NDVI with POS days from CO2 and

d13C records are given in Figure S5. The results (Figure S5) indi-

cate the relationship between NDVI and atmospheric C peak

TABLE 1 Pearson’s correlation matrix among Point Barrow atmospheric CO2 and d13C, and NDVI-based land surface variables for >50°N
region

SOS EOS LOS SOP EOP LOP POS
POS
value

Maximum
NDVI

POS
CO2

POS
d13C

SOS

EOS NS

LOS NS 0.93***

SOP 0.83*** NS NS

EOP 0.32† 0.39* NS NS

LOP �0.28† 0.31† 0.41* �0.54** 0.75***

POS 0.71*** 0.31† NS 0.69*** 0.82*** NS

POS value �0.55*** �0.56*** �0.36* NS �0.57*** �0.33† �0.55***

Maximum

NDVI

�0.59*** �0.36* NS NS �0.46** NS �0.49** 0.96***

POS CO2 NS NS NS NS 0.34† 0.3† NS NS NS

POS d13C 0.32† NS NS NS NS NS 0.31† �0.29† NS 0.46**

The numbers indicate the statistically significant (p < .05, two-tailed) Pearson correlation coefficient.

Definition of variables: SOS, start of growing season; EOS, end of growing season; LOS, length of growing season; SOP, start of peak growth; EOP, end

of peak growth; LOP, length of peak growth; POS, peak of season; POS value, POS day of year NDVI value; maximum NDVI value obtained directly

from biweekly raw data (maximum) and POS day of year from Point Barrow atmospheric CO2 and d13C records.

*p < .05, **p < .01, ***p < .001; †p < .1 and NS statistically not significant.

F IGURE 4 Mean monthly NDVI during
1982–1998, 1999–2010 and 2011–2015
averaged across different latitudinal bands
of the extratropical (>23°N) non-
evergreen-dominated pixels of Northern
Hemisphere. For visual clarity, the
presented NDVI values are 5-month
moving averages with x-axis indicating the
central month of each window. The raw
monthly results are presented in Figure S6.
Inset: mean annual NDVI of each period
[Colour figure can be viewed at
wileyonlinelibrary.com]
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activities are mostly in expected direction. For example, we found

widespread positive relationship of POS day from NDVI with POS

day from CO2 and d13C, and negative relationship of POS value

NDVI with POS day from CO2 and d13C, both in expected direc-

tions and consistent with previous finding (Gonsamo et al., 2017).

On average, for the northern high latitudes (>50°N) regions for

which the Table 1 is calculated to compare with the Point Barrow

measurements, POS occurs during the last 2 weeks of July. Given

that the maximum solar irradiance and the maximum day length

occur during the June Solstice (June 21st) in the Northern Hemi-

sphere, it is plausible that the earlier occurrence of peak plant

activity results in higher maximum NDVI and overall increased

plant productivity.

4 | DISCUSSION

Our results could be affected by nonclimatic drivers of seasonality

in extratropical terrestrial ecosystems. The roles of disturbances

and land use/cover change are implicitly reflected in both satellite

NDVI observations and atmospheric CO2 and d13C measurements.

However, the increasing episodic forest fire-emitted CO2 pulses

superimposed on seasonally asynchronous fossil fuel-based CO2

emissions can directly affect the POS date estimates for both CO2

and d13C. Possible contributory causes for the changing seasonality

of northern plant activities such as warming-induced increase in

plant growth, CO2 fertilization, growth enhancement from nutrient

deposition, changes in forest management, land use and distur-

bances are often inadequately represented in the current-

generation terrestrial biosphere models and ESMs. Although these

factors could have regionally unique impacts on changing plant

activity seasonality, it is unlikely that the terrestrial biosphere mod-

els and ESMs can be useful to analyse the relative contribution of

each factor.

Most of the trend analyses were based on spatially averaged

time series to partially diminish the effects of stochastic noise.

However, the uncertainties from the residual atmospheric effects

and the calibration errors in satellite data, the errors in in situ CO2

and d13C measurements and uncertainties in CMIP5 ESMs are data

source-specific and difficult to quantify. Therefore, we rely on

uncertainty measures calculated around robust trend slope estima-

tor as a mean value of the differences between the estimated

slope and the lower and upper 95% confidence limits. Equation (2)

used to retrieve land surface phenology metrics from NDVI, CO2,

d13C, GPP and NEP time series is well established in its current or

some other variant forms (Barichivich et al., 2013; Cleland et al.,

2007; Garonna et al., 2014; Gonsamo & Chen, 2016; Gonsamo

et al., 2012, 2017). Among the seven parameters of Equation (2),

we only use four parameters to retrieve all land surface phenology

metrics (Equations 3–10). As the real satellite observation data are

by nature autocorrelated following the seasonal trajectory of plant

growth in the Northern Hemisphere, we generated synthetic data

to analyse the independence of the four parameters to each other

(see Figure S2). The results from synthetic data show all four

parameters are statistically independent to each other (Table S2).

Therefore, the relationships among different land surface phenology

metrics presented in Table 1 are not artefacts of the curve-fitting

algorithm.

F IGURE 5 Trends of the peak of
season (POS) day of year (DOY) anomaly.
(a) POS calculated from the satellite-
derived extratropical NDVI observations
and Point Barrow atmospheric CO2 and
d13C measurements for 1982–2015. (b)
POS calculated from ensemble mean of
monthly historic simulation of CMIP5 gross
primary productivity (GPP) and net
ecosystem productivity (NEP) for the
entire circumpolar north (>50°N) for 1960–
2005. The Theil–Sen slope of trend and its
p-value (two-tailed) are given for the entire
records of each data set and for common
record period (1982–2005) in (a and b).
The shaded areas represent the 95%
confidence limit of the estimated slope.
Standardized anomaly is the annual
anomaly divided by the climatological
standard deviation. The corresponding
trend results from the raw values are given
in Figure S3 [Colour figure can be viewed
at wileyonlinelibrary.com]
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Our results indicate that the decline in autumn NDVI is con-

tributing the most to the cessation of northern high latitude (>50°N)

greening since 2011 (see annual NDVI trend in Figure 4b inset). Rev-

ersing of the long-term Arctic greening since 2011 has also previ-

ously been reported (Bhatt et al., 2017; Gonsamo & Chen, 2016;

Park et al., 2016), yet our current understanding does not allow us

to identify the drivers responsible for the observed shift. Seasonal

trend analyses show the autumn NDVI in the northern high latitudes

(>50°N) is declining (see also Figure 4b and Figure S1), the air

temperature is increasing the most in areas where vegetation decline

is observed, and the precipitation has decreased for all seasons (Fig-

ure S1). If the increasing temperature in autumn and the decreasing

precipitation throughout the growing season are responsible for the

earlier EOS in the northern high latitudes, it is possible that the

increased growth in spring and summer (Figure S1) may have

depleted soil moisture through increased water demand. This is evi-

dent in Figure 4b, in that the 2011–2015 period when the autumn

NDVI declined the most coincided with the highest recorded spring

F IGURE 6 Trends of peak of season (POS) NDVI, GPP and NEP values. The trends in the maximum annual NDVI value calculated for the
POS day of year (i.e. POS value) using the curve-fitting algorithm (a) and obtained directly from biweekly raw data (i.e. maximum) (b) for 1982–
2015. (c) The trends of the spatially averaged values of (a and b). The trends in the maximum annual gross primary productivity (GPP) (d) and
net ecosystem productivity (NEP) (e) obtained from ensemble mean of monthly historic simulation of CMIP5 ESMs for 1960–2005 for the
northern high latitudes (>50°N). The Theil–Sen slope of trend and its p-value (two-tailed) are given in (c,d,e) for entire records of each data and
for common record period. The shaded areas in (c,d,e) represent the 95% confidence limit of the estimated slope. The Mean � 0.5STDEV in
(d,e) indicates the uncertainty (calculated as half standard deviation around the mean, STDEV) due to among-model variability for CMIP5.
Standardized anomaly is the annual anomaly divided by the climatological standard deviation. The corresponding trend results from the raw
values are given in Figure S3 [Colour figure can be viewed at wileyonlinelibrary.com]
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and summer NDVI values for northern high latitudes (>50°N). Other

possible mechanisms that were not specifically tested in the current

and previous studies (Bhatt et al., 2017; Park et al., 2016) include

the increases in the autumn cloud cover, the standing water from

the permafrost thaw, the herbivore population and the occurrence

of extreme events (such as extreme hot days, frost days, fires, and

outbreaks of insect and fungal pests). It is likely that all of the fac-

tors are contributing towards the earlier EOS and the decline of

autumn NDVI since 2011, and further studies are needed to verify

the mechanisms.

Our results show that the peak season plant activity of the

Northern Hemisphere extratropical terrestrial ecosystems is shifting

towards spring (Figure 7), consistent with the warming-induced

advance of the start of growing season (Barichivich et al., 2013; Cle-

land et al., 2007; Garonna et al., 2014; Gonsamo & Chen, 2016;

Menzel et al., 2006; Walther et al., 2002). Averaged across extrat-

ropical (>23°N) non-evergreen-dominated pixels, NDVI data show

that the POS has advanced by 1.2 � 0.6 days per decade. Using the

same NDVI data (Xu et al., 2016), reported trends of advancing POS

of 1.6 days per decade for temperate broad leaves, 1.1 days per

decade for grasslands and 1.5 days per decade for croplands aver-

aged across northern mid-latitudes. These estimates are within the

uncertainty ranges of our trend estimates for POS advancing rate

averaged across the extratropical non-evergreen-dominated pixels.

The spring-ward shift of the peak plant activity is contributing the

most to the increasing peak season NDVI. In other words, earlier

start of growing season is highly linked to earlier onset of peak of

season and higher NDVI (Table 1). For terrestrial C cycle, this means

more leaves are developing close to the longest day during June Sol-

stice, resulting in higher C uptake which may have contributed to

increasing peak-to-trough CO2 amplitude observed for the last four

decades (Forkel et al., 2016; Gonsamo et al., 2017; Graven et al.,

2013; Keeling et al., 1996, 2005; Keenan et al., 2014; Myneni et al.,

1997). We suggest that the ESMs are capturing the increasing maxi-

mum annual GPP and NEP through CO2 fertilization, the effect of

CO2 on light use efficiency and climate-driven increases in photosyn-

thesis (Thomas et al., 2016). The implications of spring-ward shift of

peak plant activity on biophysical feedbacks on climate and ecologi-

cal functions, for example through altered synchrony of plant–polli-

nator interactions (Hegland et al., 2009), remain unknown but we

speculate it to be substantial. However, because of the relatively

short run of satellite observations and CO2 and d13C measurements,

it remains uncertain whether the observed shift of plant activity

towards spring reflects decadal variability or a long-term shift in the

ecological response of the extratropical terrestrial ecosystems to glo-

bal change.
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