ENVIRONMENTAL RESEARCH
LETTERS

LETTER « OPEN ACCESS You may also like

- Contribution of permafrost soils to the

Implications of the steady-state assumption for the " aobal camon budge:

. Sibyll Schaphoff, Ursula Heyder,
global vegetation carbon turnover Sebastian Ostberg et al.

- Quantifying the indirect effects of
urbanization on urban vegetation carbon
uptake in the megacity of Shanghai, China
Shuyun Wei, Qiuji Chen, Wanben Wu et
al.

To cite this article: Naixin Fan et al 2023 Environ. Res. Lett. 18 104036

- Increased forest coverage will induce more
carbon fixation in vegetation than in soil

during 2015-2060 in China based on
CMIP6

Mengyu Zhang, Honglin He, Li Zhang et
al.

View the article online for updates and enhancements.

Fourth edition

'lﬂ.-iibl

DOWNLOAD THE FREE E-BOOK

This content was downloaded from IP address 193.136.124.152 on 22/02/2024 at 10:38


https://doi.org/10.1088/1748-9326/acfb22
/article/10.1088/1748-9326/8/1/014026
/article/10.1088/1748-9326/8/1/014026
/article/10.1088/1748-9326/ac06fd
/article/10.1088/1748-9326/ac06fd
/article/10.1088/1748-9326/ac06fd
/article/10.1088/1748-9326/ac8fa8
/article/10.1088/1748-9326/ac8fa8
/article/10.1088/1748-9326/ac8fa8
/article/10.1088/1748-9326/ac8fa8
https://googleads.g.doubleclick.net/pcs/click?xai=AKAOjsvqclgeSn7iDmQpp_9JfosWKSVDzje_dH_kTQVm1fAVwhcuox6ZqqduVGCEYZOo3WExFljOmTUq3rY-omoxgz13VKfr1horb9ST0fbMC_H81A7S49dzLZRshSNP7-gKQFHKhwqWYJr5w5mnXfu8FrU2GCSMpZGvHjfUhYKngFYlNTUA9HrYldn7dpudejUQi48cIpSunm2nLpYNmLUKfDBEL1rTE_ft27Tk1I_qRK3vg0kfqLeZfSQd7ATJ3-XS_oJm_5khGSDM7niaSvsjCA5htUqAJ_Xy34aTGsCLC9MiVGxV3HdGgegQ1sBXBKrOZtfg8lBdXg&sai=AMfl-YS3GfMO9CJ7-QH10f4u5mwdCYltjEM3ye66ZrgvkjdbE69Es0XelTrGKLz4sa4RGKqLuhofaWjO4_QVu2M&sig=Cg0ArKJSzKzKxtjNQkPE&fbs_aeid=%5Bgw_fbsaeid%5D&adurl=https://www.owlstonemedical.com/breath-biopsy-complete-guide/%3Futm_source%3Djbr%26utm_medium%3Dad-b%26utm_campaign%3Dbb-guide-bb-guide%26utm_term%3Djbr

I0P Publishing

@ CrossMark

OPEN ACCESS

RECEIVED
12 March 2023

REVISED
30 May 2023

ACCEPTED FOR PUBLICATION
19 September 2023

PUBLISHED
9 October 2023

Original content from
this work may be used
under the terms of the
Creative Commons
Attribution 4.0 licence.

Any further distribution
of this work must
maintain attribution to
the author(s) and the title
of the work, journal
citation and DOL.

Environ. Res. Lett. 18 (2023) 104036

ENVIRONMENTAL RESEARCH
LETTERS

LETTER

https://doi.org/10.1088/1748-9326/acfb22

Implications of the steady-state assumption for the global

vegetation carbon turnover

, Maurizio Santoro’

1,5,6,%

Naixin Fan'>*
and Nuno Carvalhais
1

2
> Gamma Remote Sensing, 3073 Giimligen, Switzerland
4

5

2829-516 Caparica, Portugal

ELLIS Unit Jena, Jena, Germany
Authors to whom any correspondence should be addressed.

6

*

E-mail: nfan@bgc-jena.mpg.de and ncarvalhais@bgc-jena.mpg.de

, Simon Besnard*

, Oliver Cartus’, Sujan Koirala'

Max Planck Institute for Biogeochemistry, Hans Knoll Strasse 10, 07745 Jena, Germany
Technische Universitit Dresden, Institute of Photogrammetry and Remote Sensing, Helmholtzstr. 10, 01069 Dresden, Germany

Helmholtz Center Potsdam GFZ German Research Centre for Geosciences, 14473 Potsdam, Germany
Departamento de Ciéncias e Engenharia do Ambiente, DCEA, Faculdade de Ciéncias e Tecnologia, FCT, Universidade Nova de Lisboa,

Keywords: vegetation carbon turnover time, steady state assumption, vegetation carbon stock, remote sensing

Supplementary material for this article is available online

Abstract

Vegetation carbon turnover time (7) is a central ecosystem property to quantify the global
vegetation carbon dynamics. However, our understanding of vegetation dynamics is hampered by
the lack of long-term observations of the changes in vegetation biomass. Here we challenge the
steady state assumption of 7 by using annual changes in vegetation biomass that derived from
remote-sensing observations. We evaluate the changes in magnitude, spatial patterns, and
uncertainties in vegetation carbon turnover times from 1992 to 2016. We found the robustness in
the steady state assumption for forest ecosystems at large spatial scales, contrasting with local larger
differences at the grid cell level between 7 under steady state and 7 under non-steady state
conditions. The observation that terrestrial ecosystems are not in a steady state locally is deemed
crucial when studying vegetation dynamics and the potential response of biomass to disturbance

and climatic changes.

1. Introduction

One of the largest uncertainties in Earth system mod-
els is in quantifying how the carbon uptake by ter-
restrial ecosystems will respond to changes in cli-
mate (Friedlingstein et al 2006, Friend et al 2014).
As an emergent ecosystem property that partially
determines carbon sequestration capacity, the veget-
ation biomass turnover times (7) have been used as
a diagnostic metric to quantify the feedback between
the carbon cycle and climate (Carvalhais et al 2014,
Thurner et al 2016). However, there is a large uncer-
tainty in the simulations of vegetation carbon stock
as well as 7 across earth system models, indicating
different representations of the response of vegeta-
tion to future climate change (Friend et al 2014).
Furthermore, our current understanding of 7 and
the vegetation dynamics is limited due to the lack
of long-term observations of changes in vegetation.

© 2023 The Author(s). Published by IOP Publishing Ltd

As a result, the estimation of 7 has relied so far
on the assumption that the vegetation carbon in
an ecosystem would eventually reach a steady state
(steady state assumption, hereafter SSA) at which
the net change of vegetation biomass becomes zero
(ACyg = 0), or so small compared to the total
biomass that becomes negligible. The SSA has been
shown to be a useful assumption at a large spatial
scale. However, atlocal scales, an ecosystem is unlikely
to maintain a steady state due to the influences from
external factors such as disturbances and climate vari-
ability (Ge et al 2019). It is still unknown whether the
SSA can hold at local spatial domains and how much
the difference it can make to the 7 estimation if one
neglects the temporal changes in vegetation carbon.
In this study, we used estimates of annual changes
in vegetation carbon derived from a multi-decadal
dataset (Besnard et al 2021, Santoro et al 2022)
and global estimations of gross primary productivity
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(GPP) that are driven by meteorological observations
(Tramontana et al 2016, Jung et al 2020), for estim-
ating and comparing 7 estimates that are derived
from SSA and non-steady-state assumption (hereafter
NSSA), respectively, at local, biome and global scales.
The validity of SSA was evaluated in different spatial
domains to better quantify the effect of spatial scales
on the patterns of carbon turnover times.

2. Data and methods

In this section, we first introduce the datasets used
to estimate 7 including above-ground vegetation bio-
mass, below-ground biomass and GPP. We used a
forest canopy cover dataset to examine the relation-
ship between the changes in 7 and tree canopy cover.
Then the calculations of 7 using three methods are
introduced next with detailed explanations.

2.1. The multi-decadal estimates of AGB dataset
Annual above-ground biomass (AGB) estimates were
derived from C-band satellite radar signals between
1992 and 2016 with a pixel size of 25 km (Santoro et al
2022). The very dense time series of observations by
the European remote sensing WindScatterometer, the
MetOp Advanced SCATterometer (ASCAT), and the
Envisat advanced synthetic aperture radar (ASAR)
were used to maximize the information content of
forest structure in the signal, allowing for AGB estim-
ates of higher accuracy compared to values obtained
from a single observation (Santoro et al 2022). The
annual estimation of AGB is obtained by synthesizing
all daily observations of the radar backscatter at one
location in a pixel (0.25° x 0.25°), enabling the infer-
ence of a continuous time series of AGB estimation.
By adapting the AGB retrieval method in time and
space and computing a weighted average of individual
AGB estimates, the annual AGB estimates were less
impacted by data noise, instantaneous moisture con-
ditions, precipitation, and snow cover (Santoro et al
2011).

2.2. Estimation of total vegetation carbon stock
The total vegetation biomass consists of AGB and
below-ground biomass (BGB). We estimated BGB
from the AGB time series by scaling with the root-
shoot ratio (Huang et al 2021), Ry:

BGB = AGB X Rys.
Therefore the total vegetation biomass is:

Cveg = AGB + BGB. (1)

2.3. Estimation of GPP

We used estimations of GPP from the FLUXCOM
project in which different machine learning
approaches were applied to upscale global energy and

2
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carbon fluxes from eddy covariance flux measure-
ments (Tramontana et al 2016, Jung et al 2020). In this
study, GPP annual estimates driven by meteorological
observations and remote sensing observations at the
spatial resolution of 0.5° and the time period from
1992 to 2016 are used as carbon influx into the veget-
ation carbon pool. The dataset was resampled (bilin-
ear interpolation) to the spatial resolution of 0.25° to
match the AGB dataset.

2.4. Forest tree canopy cover change

Tree canopy cover (vegetation that is greater than 5
meters in height) was derived from the advanced very
high resolution radiometer remote-sensing measure-
ments (Song et al 2018). The version 4 long term data
record (LTDR) was used to generate the data on tree
canopy coverage from 1982 to 2016. Daily LTDR sur-
face reflectance data were used to compute the nor-
malized difference vegetation index (NDVI) at each
pixel (0.05° x 0.05°). Maximum NDVI composition
was then used to obtain adjusted annual phenolo-
gical metrics, which were used as input to supervised
regression tree models to generate the annual product
of tree canopy coverage.

2.5. Estimation of T under steady state
Changing C., over time is determined by the uptake
of carbon and turnover times:

CVeg

dCyeq
= GPP— —=. 2
dt G T 2)

Cyeg Is the vegetation carbon stock. Assuming that
the vegetation carbon pool is in a steady state, i.e. the
change in Cyeg over time (dCyeg/dt) equals zero, then
vegetation carbon turnover times can be calculated as
the ratio between vegetation carbon stock and GPP:

(3)

Here 7gg4 is calculated pixel-wise by using annual
mean Cyg and GPP over the period of 1992-2016.

2.6. Estimation of T under non-steady state
Compared with the estimations of 7 under steady-
state assumption, the changes in Cyg over time are
considered (dCyee/dt # 0) when estimating 7 under
non-steady state (Tnssa). To derive a robust estima-
tion of Tnssa at each grid cell, we calculated Tnssa
using three different methods to assess the uncer-
tainty built in the 7 estimations.

2.6.1. Method 1

We estimate ACyg by calculating the annual differ-
ence of Cyg between year t and year t—1. Then, a 7
estimate can be derived for each year by applying GPP
and AC,.g at year t. Finally, we derive the 7 under a
non-steady state for each year:

Cveg7 t—1

. 4
GPPt - ACV?g,l‘ ( )

TNSSA =
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2.6.2. Method 2

In the second method, we estimated the mean AC,
using the trend of C, in a certain period to avoid the
influence of outliers on the results. In this way, 7 can
be inferred as:

Ce
GPP — ACveg7 trend .

TNSSA = (5)

Here the ACyeq, trend is inferred by applying a
simple linear regression model (least-square robust
fitting) between the response variable Cy¢g and time
(Cyeg ~ T). The coefficient of T is, therefore, the aver-
age annual AC,, over the whole period. Thus, the 7
under a non-steady state can be estimated with the
annual mean values of Cyeg, GPP, and AC,.g.

2.6.3. Method 3
In the third method, we infer 7 from equation (2)
by applying a linear regression model (least-square
robust fitting) at each grid cell in which (GPP—
ACyeg) is the target variable while Cyq is the pre-
dictor, enabling annual turnover time to be inferred
from the coefficient of Cyeq (1/ TNSSA):
1
GPP — ACveg [ — Cveg- (6)
TNSSA

Here ACy is the difference of Cy, between year
t and year t+—1. GPP is the carbon input in year
t and Cyg is the total carbon density in year t—I1,
respectively.

2.7. The impact of disturbance and climate
variability on vegetation carbon turnover

We used the bootstrap aggregating (bagging)
ensemble learning method to improve generalizab-
ility and robustness of the predictions of Tnssa over
a single estimator. The original training dataset is
bootstrapped to form a subset, i.e. samples are drawn
with replacement. Bootstrapping promote diversity
of the predictions by increasing ensemble members.
The issue of overfitting can be reduced by validating
prediction with out-of-bag subset. Finally predic-
tions of different ensemble members are aggregated
to generate the combined results. In this study, we
used multiple features to represent disturbance, tem-
perature, atmospheric and soil moisture conditions
(table 1). All variables are harmonized into the same
spatial (0.25°) and temporal (annual) resolution as
the 7nssa- To estimate the relative importance of
individual features, we employed the Shapley value
(Lundberg et al 2017) which measures the average
marginal contribution of a player in a cooperat-
ive game. The advantage of Shapley value is that it
provide the magnitude and direction (negative or
positive) of the impact of a feature to the deviation
from the average prediction. Therefore, Shapley value
provide a more intuitive and informative way to com-
pare the relative importance of different features in a
tree ensemble model.

N Fan et al

Table 1. Features that are used in the ensemble regression.

Features Perspective Source

Forest cover Disturbance Song et al (2018)
change (FC)

Burned area Disturbance GFED

(Fire)

Vapor pressure Demand of water ERA5
deficit (VPD) in the
atmosphere.
Surface soil Water contentin  ERA5
moisture content  the soil surface
(SM1) (0-7 cm).
Index of water Soil water
availability TWA) availability for
plants.

Tramontana et al
(2016)

Precipitation Influx of water. ERA5
(Precip)

Air temperature ~ Temperature of ~ ERA5
(Temp) air at 2 meters.
Minimum air Minimum air ERA5
temperature temperature at 2

meters.
Maximum air ERA5

(Temp_min)
Maximum air

temperature temperature at 2
(Temp_max) meters.

Downwards Radiation ERA5
short-wave solar

radiation (SSRD)

2.8. Estimation of uncertainty

The uncertainty of Tnssa estimation comes from both
the uncertainty in the AGB and GPP. The uncertain-
ties of annual estimations of AGB is derived from
the weighted sum of the individual daily AGB estim-
ate and a covariance component that accounts for
the correlation between errors (Santoro et al 2022).
The uncertainty of GPP derived from three machine
learning method and two partitioning method (Jung
et al 2020). Therefore, the propagated error (standard
deviation) of Tnssa estimation can be derived from
equation (4):

() ()

A= Cveg,t—l

where

B - GPPt - ACVQgJ.

And

0B = \/ (§GPP,)* + (6cveg,t)2 + (5cveg,t,1)2.
3. Results

3.1. Comparison of T under NSSA and SSA at grid
cell level and global scale

The 7 values (figure 1) represent the turnover time
of the entire forest living vegetation biomass, aver-
aged over the whole period of the observations. The
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Figure 1. Comparison of 7 under SSA and NSSA using different methods. The upper off-diagonal subplots show the relative
difference between each pair of datasets (column/row). The bottom off-diagonal subplots show the density plots and major axis
regression line between each pair of datasets (m: slope, b: intercept, r: correlation coefficient). The ranges of both of the color bars

are between the 1st and the 99th percentiles of the data.

comparison between estimates of Tnssa using three
different methods and 754 shows a consistent pat-
tern that carbon turnover processes are far from a
steady state at grid cell level (figure 1) in spite of a
high global correlation between the spatial patterns
(R > 0.98, bottom off-diagonal plots in figure 1).
Although there are differences in the estimations of
Tnssa that derived from the three methods, a similar
pattern emerges which shows the difference between
Tnssa and Tssa is the largest in the temperate and
boreal forest ecosystems whereas the differences are
substantially smaller in the tropical forest ecosystems.
Our results show a high spatial variability of 7 val-
ues ranging from 0 to 15 years. The longest turnover
times are located in the northern boreal forest ecosys-
tem, where part of the biome has 7 values longer than
ten years, whereas carbon in the temperate forest eco-
system turnovers over much faster where the 7 val-
ues are mostly under five years. The assumption that
vegetation biomass is in steady state results in an max-
imum overall bias of 7 by 10% (90th percentile), com-
pared to the 7 estimates under a non-steady state at
the grid cell level (figure 1). This finding indicates
that the assumption of steady state imposes a max-
imum deviation in 7 of 10% in global forest ecosys-
tems, although the degree of deviation changes from
one region to another. The discrepancies between
Tssa and Tnssa are substantially higher in the boreal
forest interquartile range of (8.62%) ecosystem than
in the tropical forest interquartile range of (1.86%)
ecosystems indicating that the forests in the tropics
are closer to a steady state, whereas assuming SSA in
the boreal forest may cause large bias (figure S1). Here
we show that the forest biomass at the global scale is

4

roughly in a steady state whereas the SSA can be loc-
ally largely violated at the grid cell level, especially in
the northern boreal forest ecosystems where the 7 val-
ues can be substantially underestimated or overestim-
ated if assuming SSA.

In line with a previous study in which the SSA-
induced biases are assessed at site level (Ge etal 2019),
we show that SSA causes substantial underestima-
tions of 7 from 5% (median value) up to 40% (99th
percentile) in China during the period of 2011-2016
(figure S2). However, our results show a high hetero-
geneity where SSA can also cause overestimation of 7.
Further analysis shows that the pattern also changes
across different periods of time. For instance, there is
a contrasting pattern between 2005-2010 and 2011—
2016 in which the former is characterized by over-
estimation of 7 induced by SSA in a large part of
the southwest China whereas there is a widespread
underestimation of 7 in the latter.

3.2. The effect of large-scale disturbances on
carbon turnover times

The disturbances from natural causes or anthropo-
genic activities can make an ecosystem deviate from
a steady state. By estimating carbon turnover times
at different periods, we quantified the degree of devi-
ation if disturbances, e.g. deforestation, happened in
a forest ecosystem. Figure 2 shows that the pervasive
deforestation in the 90 s primarily affected the carbon
turnover times in the southeast part of the Amazon,
which is known as the ‘arc of deforestation’ (here-
after AOD, Durieux et al 2003). Our results clearly
show Tnssa 1s underestimated ranging between 5%
(25th percentile) and 24% (1th percentile) lower than
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Figure 2. Regional changes in the relative difference between 7xssa (Method 1) and 7ssa ((Tnssa—Tssa)/ Tssa™100) from 1993 to
2016, row 1, forest cover change (%), row 2, vegetation biomass change (%), row 3, GPP change (%), row 4 at different time

periods in Amazon region.

Tssa in the AOD region from 1993 to 1998, indicating
anthropogenic activity (mostly deforestation) accel-
erated the carbon turnover rates to a large extent.
Compared with the AOD, forests in the middle of
Amazon, where there are less population and disturb-
ances, are closer to a steady state, as shown by the
much less difference between 7yssa and 7sss. Further
analysis shows that tree canopy cover (figure 2, row 2)
and Cy, (figure 2, row 3) changes decreased mainly
during the same period of 1993-1998, whereas the
changes in GPP does not follow the trend in the
arc of deforestation. These results indicate that the
acceleration of turnover times during this period is
directly caused by the large decrease in the vegeta-
tion biomass, which is intimately associated with a
decrease in forest cover in this region. On the other
hand, our findings show that the forest ecosystems
started to recover during the 1999-2004 period as
the vegetation biomass increased by 10% to 20%,
in line with the increased tree canopy cover in the
AOD region. As a result, the carbon turnover times
increased by 10% to 30% during the same period.
From 2011 to 2016, the magnitude of changes in 7,
Cyeg and tree canopy cover significantly decreased,
indicating the forest ecosystems are closer to a steady
state due to less disturbances. These findings show
how turnover times and the steady state of the forest
ecosystem can be largely affected by anthropogenic
activities.

3.3. The impacts of climate and disturbance on
carbon turnover times

To identify the potential factors that control the
temporal changes of Tnssa and quantify the role of

each factor, we investigated the link between Tnssa
and multiple variables that represent different per-
spectives of climate, fire and forest cover change
(table 1). By constructing ensemble regression models
with bagging decision trees, we take into account
nonlinear interactions among different predictors
and estimated the importance of individual features.
Our results show that the ensemble model can explain
a substantial amount of variance globally (median
R* = 0.56, figure S3). The analysis of predictor
importance shows that climate, including air temper-
ature (mean, maximum and minimum), precipita-
tion, atmospheric & soil moisture deficit and radi-
ation dominate vast areas in the northern boreal
forest, part of temperate forest in China and trop-
ical forest in Amazon, Congo basin and Indonesia
(figure S4(a)). In contrast, we show a dominant role
of forest cover change for explaining the inter-annual
changes of Tnssa in forested regions where are subject
to intensive anthropogenic land use/land change and
deforestation, such as the AOD region (figure S4(b)).
To better understand the role of forest cover change
or disturbance on Tngsa, Shapley values are calculated
on top of the ensemble regression model to estim-
ate the contribution of individual features to model
predictions (see Methods). We show that the change
of forest cover has a large effect on the inter-annual
changes of carbon turnover, that is, the increase of
forest cover lead to longer turnover times whereas
decrease in forest cover leads to faster turnover of car-
bon (figure 3). This result is consistent with our pre-
vious analysis which showed that there is a strong
co-varying spatial patterns between turnover times
and forest cover change (figure 2). The comparison
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of the Shapley values among all features indicate that
forest cover change, which is an indicator of dis-
turbance, is the main contributor to the changes of
Tnssa in the AOD region as the magnitude of Shapley
value of forest cover is two to three times larger than
the second ranking feature. Globally, we find sim-
ilar effect of forest cover change in other forested
regions (figure S5). These results show that, in addi-
tion to climate change, the effect of natural caused
or anthropogenic induced disturbance have high
impact on carbon turnover of vegetation in forested
ecosystems.

3.4. The effect of spatial scale on the steady-state
assumption

We further investigate the effect of spatial scale on
the difference between 7nssa and 7ssa in different
biomes by gradually changing the spatial scale from
0.25° (grid cell level) to 25° (continental scale) via
spatial aggregation as shown in figure 4. Here the dif-
ference between Tnssa and Tsga at each spatial scale
is quantified by the 10, 25, 75 and 90 percentiles of
the relative difference between 7ngsa and 7ss4 (P10,
P25, P75, P90, figure 4). We find that the differ-
ence between Tnssa and Tssa substantially decreases
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with increasing spatial scales. The P10 and P90 trop-
ical forests decrease approximately 5%, whereas it
decreases approximately 10% in temperate and boreal
biomes when the spatial scale increases from grid cell
to ecosystem scale. Globally, the difference between
Tnssa and 7Tssa is approximately 3% at ecosystem
scale, indicating that SSA will cause less errors in
estimating carbon turnover times at larger spatial
scales.

4. Discussion

Our findings imply that the two different assump-
tions, i.e. SSA and NSSA, should be applied based on
different ecological principles and spatial scales. The
common approach of defining 7 as the ratio between
carbon stock and carbon influx based on SSA can be
justified and properly applied when the changes in
net carbon flux are negligible relative to the total car-
bon stock (Carvalhais et al 2014). Although disturb-
ances from nature or human beings could cause non-
steady-state behavior, neglecting the changes, in some
cases, only make a little difference to the quantifica-
tion of the spatial pattern of 7, which does not hamper
the understanding of the dynamics of the terrestrial
ecosystem carbon cycle. However, at a grid cell level,
neglecting the changes in vegetation carbon (assum-
ing vegetation is in a steady state) may result in loc-
allized large biases. Using three methods, we provide
robust estimations of 7 under a non-steady state. The
comparisons between 7ssa and Tnssa show high het-
erogeneity in both space and time. A study (Ge et al
2019) showed large SSA-induced biases on 7 estima-
tion in varied ecosystems of China by using the data
at ten FLUXNET sites from 2005 to 2015 which is
consistent with our results. However, we further show
that the magnitude and the signs of the SSA-induced
biases are characterized by high spatial heterogeneity
and can change in time. This is mainly caused by the
changes in vegetation biomass due to climate change
or disturbances (figure 2).

By using ensemble regression models with mul-
tiple features that represent different perspectives
of disturbance and climate variability, we identi-
fied the dominant role of local disturbance, which
is represented by forest cover change, on the major
forest ecosystems (figure S4(b)). We found similar
patterns in these ecosystems where the impact of dis-
turbance on vegetation carbon turnover is two to
three times higher in magnitude than the climate
factors (figure 3). For instance, we quantified the
role of forest cover change in the arc of deforesta-
tion in Amazon forest where the well-documented
anthropogenic-induced disturbance caused large
changes in the biomass of rainforest. We show that
the effect of large decrease in forest cover can signi-
ficantly accelerate carbon turnover (decrease in 7).
Interestingly, the effect of increase in forest cover,

N Fan et al

probably due to recovery of forest from disturbance,
have higher impact in turnover, but in the oppos-
ite direction, i.e. carbon turnover slow down due to
recovery.

We have shown substantial heterogeneity in the
degree of validity of the steady-state assumption
across space. The comparison between 7ssa and Tngsa
quantitatively shows that most global forest ecosys-
tems are not far from steady state, while the largest
differences are in the temperate and boreal forests.
However, disturbances could drive the forest ecosys-
tem away from steady-state. OQur results show that
the arc of deforestation in Amazon Forest have large
difference between 7gs5 and Tnssa caused by drastic
changes in vegetation biomass (figure 2). These res-
ults indicate that applying SSA at the grid cell level
can cause substantial bias, potentially leading to loc-
ally misleading conclusions based on poor estimation
of carbon turnover times.

Furthermore, our study quantified the link
between spatial scales and the validity of SSA. Our
results imply that SSA is approximately valid at large
spatial scales (>15° or 1500 km), at which scale the
differences are much lower (~5%) at grid cell level.
The current understanding of the temporal dynam-
ics of the terrestrial carbon cycle nearly all relies on
Earth system models in which the carbon turnover
rates which have large discrepancies in carbon pools
and turnover among different models (Todd-Brown
et al 2013, Friend et al 2014). The estimation of
7 under NSSA with observational long-term bio-
mass data provides insights into better understand-
ing and thus modeling turnover rate and its spatial
patterns.

5. Conclusions

Our findings suggest that the SSA is robust at a global
scale yet becomes much less realistic locally at the
grid cell level as the difference between local Tgsa
and Tnssa can be as large as 20% in some regions.
The usage of the SSA would result in a substantial
bias of 7, especially in regions with a high degree
of disturbance, either from anthropogenic activities
or natural causes. We found the impact of disturb-
ance on vegetation carbon turnover can be two to
three times larger than climate. However, at a larger
spatial scale, the differences in 7 estimations at SSA
and NSSA significantly decrease because the annual
changes in vegetation biomass are small compared
with the total amount of biomass. With the novel
long-term observations of vegetation biomass, we
revealed a detailed picture of the spatial distribution
of carbon turnover times under different assump-
tions and its relationship with spatial scales, which
can guide the proper application of the two assump-
tions on different conditions.
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Data availability statement

The estimates of vegetation carbon turnover times
that supports the findings of this research are
temporarily available in https://figshare.com/s/
c542bf749t76c8937eaa. Please note that the data will
be permanently available in figshare.com upon the
acceptance of this paper.

The data that support the findings of this
study are openly available at the following
URL/DOI: https://figshare.com/articles/dataset/
Vegetation_carbon_turnover_database/21601383/2.
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