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ARTICLE INFO ABSTRACT
This manuscript was handled by Dr Emmanouil Extreme precipitation within the context of global climate change has dramatic impacts on terrestrial carbon
Anagnostou, Editor-in-Chief, with the assis- sequestration. While extensive research has focused on the adverse impacts of droughts on terrestrial carbon

tance of Xiaodong Zhang, Associate Editor sinks, the effects of extreme precipitation events remain underexplored. Here we investigated the carbon sink

dynamics induced by a record-breaking heavy precipitation event over the Yangtze River Valley (YRV) in June-
July (JJ) 2020, using OCO-2 v10 MIP posterior data and simulations from two terrestrial biosphere models
(VEGAS and LPJwsl). Our results show that extreme precipitation in JJ caused a significant decline in net biome
2020 extreme precipitation productivity (NBP), with reductions of approximately — 16.75 Tg C by OCO-2 v10 MIP, —23.50 Tg C by VEGAS,
Yangtze River Valley and — 16.88 Tg C by LPJwsl, predominantly driven by substantial decreases in gross primary production (GPP).
Downward solar radiation Following the cessation of precipitation in August, negative NBP anomalies persisted due to stronger total
ecosystem respiration (TER*), but rapid recovery was observed, with recovery rates of 55.40 %, 83.58 %, and
86.85 %, respectively, driven by a resurgence in GPP. Extreme precipitation also triggered significant variations
in temperature, soil moisture, surface downward solar radiation (RAD), and vapor pressure deficit (VPD), all of
which influenced NBP. Attribution analysis revealed reduced RAD as the primary factor behind negative NBP
anomalies during JJ, with contributions of approximately — 19.36 Tg C in VEGAS and — 8.54 Tg C in LPJwsl. In
August, VEGAS emphasized negative legacy effects from JJ, while LPJwsl pointed to the suppressive role of high
temperatures. Furthermore, both models consistently underscored the pivotal role of RAD in carbon sink re-
covery. Considering the increasing frequency and intensity of heavy precipitation under global warming, our
study emphasized the negative effects of extreme precipitation on the terrestrial carbon sequestration, providing
the further understanding on interactions of extreme climatic events and terrestrial ecosystems.
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1. Introduction projected to become more frequent and intense throughout the 21st
century (Pendergrass and Hartmann, 2014; Donat et al., 2016; Giorgi

The intensification of global water cycle has led to increased average etal., 2019; Intergovernmental Panel on Climate, 2023). Recent notable
precipitation and greater variability in precipitation patterns (Allen and heavy rainfall events include the Midwest US in 2019 (Ford et al., 2021),
Ingram, 2002; Zhang et al., 2021). Furthermore, extreme precipitation western Europe in July 2019 (Cornwall, 2021), and southeastern Brazil
events, characterized by intense rainfall delivered in a single event, are in 2020 (Dalagnol et al., 2022), all of which resulted in devastating
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environmental consequences. Ecosystem productivity and carbon
sequestration are increasingly threatened by the rising frequency of
extreme hydroclimatic events in a warming climate (Chen et al., 2019a;
Yin et al., 2020). Thus, understanding the response of terrestrial carbon
sequestration to extreme precipitation is critical for predicting the im-
pacts of climate change on global terrestrial ecosystems.

Precipitation regulates soil water availability, reduces surface tem-
perature (TAS) and vapor pressure deficit (VPD), and decreases down-
ward solar radiation (RAD) due to high cloud coverage during events,
thereby influencing terrestrial vegetation growth and carbon cycle
(Knapp et al., 2002; Zeppel et al., 2014). The impacts of extreme pre-
cipitation on terrestrial ecosystem carbon sequestration depend on
vegetation type as well as event timing (Balashov et al., 2023). Ma et al.
(2016) observed that Australian grasslands can thrive under anoma-
lously wet conditions, assimilating more carbon than under normal soil
moisture levels. In contrast, croplands are highly susceptible to water-
logging and have a tendency to be net sources of atmospheric CO,
during flooding (Ahmed et al., 2013; Yildirim and Demir, 2022). The
widespread flooding in the US Midwest during spring and early summer
2019 caused a notable reduction of approximately 0.1 Pg C in cropland
net ecosystem exchange (NEE) during June and July. Compared to 2017
and 2018, these anomalously wet conditions resulted in a 15 %-25 %
decrease in annual net carbon uptake. Although rainstorms often lead to
crop failures, they may also alleviate water shortages, enhancing crop
production under specific conditions (Chen et al., 2019a). Intense pre-
cipitation events, however, can erode topsoil, transferring particulate
and dissolved organic carbon (DOC) from terrestrial to riverine eco-
systems (Dinsmore et al., 2013; Hilton et al., 2008). However, such
impacts of extreme precipitation on the terrestrial ecosystem carbon
cycle remains unquantified (Piao et al., 2019).

The middle and lower reaches of Yangtze River Valley (YRV) are the
vital industrial and agricultural zones, as well as densely populated
areas in China. Accumulated Meiyu rainfall accounts for 45 % of sum-
mer precipitation in this area (Ding, 2004; Zhang, 2015; Zhang et al.,
2023; Zhang et al., 2017; Chen et al., 2019b). Over the past four decades,
the region has experienced several record-breaking Meiyu rainfall
events with considerable ecological damage. In the summer of 1998,
rainfall levels nearly matched the record set in 1954. In early summer
2020, an extreme Meiyu event produced the highest precipitation levels
since 1961, surpassing those of 1998 (Wang et al., 2022). This event
featured unprecedented precipitation accumulation, the longest dura-
tion, the earliest onset, and the highest intensity, causing human loss,
vegetation mortality, and property damage (Liu et al., 2023). Although
the atmospheric circulation and moisture dynamics of the 2020 event
have been analyzed by extensive studies (Pan et al., 2021; Chen et al.,
2022; Qi et al., 2023), its effects on terrestrial carbon sinks and the
driving factors remain unclear.

In order to better understand the effects of climate extremes on
carbon exchange between terrestrial ecosystems and the atmosphere, we
here analyzed carbon sink dynamics and underlying driving mecha-
nisms following the record-breaking precipitation event of 2020. Using
net biome productivity (NBP) data simulated by the VEGAS and LPJwsl
models, optimized through atmospheric inversions from the OCO-2 v10
MIP, and supplemented with simulated and satellite-derived GPP
products, we examined NBP anomalies, the contributions of different
biological processes (photosynthesis and respiration), and the key cli-
matic factors driving NBP variations.

2. Materials and methods
2.1. Climate datasets

In this study, we used Integrated Multi-satellite Retrievals for GPM
(IMERG) precipitation data from 2001 to 2023, with a temporal reso-

lution of one month and a spatial resolution of 0.1°x 0.1°. Designed to
deliver accurate and reliable global precipitation estimates by
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integrating all available sensors from TRMM and GPM eras, IMERG
combines the strengths of CMORPH, PERSAINN and TMPA products
(Anjum et al., 2018; Prakash, 2019). Previous studies have demon-
strated that IMERG products outperforms other satellite precipitation
datasets, such as TRMM 3B42, 3B42RT and PERSIANN-CDR, in terms of
accuracy and precipitation detection across diverse regions (Yu et al.,
2021).

Meteorological variables, including 2 m dewpoint temperature (TD),
TAS, RAD, and soil moisture (SM), were sourced from the fifth-
generation European Centre for Medium-Range Weather Forecasts
(ECMWF) atmospheric reanalysis of global climate (ERA5-Land) for the
period 2001-2020 (Munoz-Sabater et al., 2021). ERA5-Land is a high-
resolution dataset created by replaying the land component of the
ECMWF ERAS climate reanalysis. It merges observational data and
physical models to produce a globally complete and consistent dataset
with a spatial resolution of 0.1°x 0.1°.

VPD was calculated according to the following formula, as described
by Wang et al. (2023):

17.27 xTAS

17.27xTD
VPD = 0.61078 x (eTAS+237.29 — eTD+237.29> 1

where TAS and TD are measured in degrees Celsius, and the derived VPD
is expressed in kilopascals (kPa). Based on the recommendation of He
et al. (2022), we used monthly TAS and TD data to compute VPD, as
monthly and daily ERA5-derived VPD anomalies were found to be
nearly identical.

SM data offer detailed soil moisture information across three depth
layers: 0-7 cm, 7-28 cm, and 28-100 cm. A weighted average was
employed to calculate SM for the 0-100 cm layer (Munoz-Sabater et al.,
2021). The ERA5-Land soil moisture dataset has undergone rigorous
validation using in situ observations from the Global Hydrological
Network, demonstrating high accuracy for both surface and root-zone
soil moisture (Li et al., 2020; Li and Xiao, 2020; Walther et al., 2019).
It has been widely used in studies analyzing vegetation water avail-
ability (Fan et al., 2022; Jiao et al., 2021; Li et al., 2022).

To ensure compatibility with the following carbon cycle-related
variables, all climate datasets were interpolated into a spatial resolu-
tion of 0.5° x 0.5° for subsequent analyses.

2.2. Terrestrial biosphere model simulations

In this study, we utilized simulations from two widely used Terres-
trial Biosphere Models (TBMs), namely Vegetation-Global Atmosphere-
Soil (VEGAS) version 2.6 (Zeng et al., 2005) and Lund-Potsdam-Jena-
Wald, Schnee, Landschaft (LPJwsl) (Sitch et al., 2003), to explore the
NBP changes under extreme precipitation event in 2020. Both VEGAS
and LPJwsl have been extensively applied to investigate global and
regional terrestrial carbon cycles, focusing on seasonal cycle, interan-
nual variability, and long-term changes (Qian et al., 2008; Sitch et al.,
2015; Wang et al., 2016; Wang et al., 2018b). The latest version of
VEGAS includes an improved parametrization of crop modeling, incor-
porating the intensification of agriculture due to the Green Revolution.
This new crop module simulates the behavior of three dominant crops
(maize, wheat, and rice) with a generic crop function type (Zeng et al.,
2014). LPJwsl simulates ecosystem carbon, water, and energy fluxes by
linking multiple mechanistic and partially empirical submodels (Wang
et al., 2018a). Additionally, LPJwsl provides estimates of GPP that align
closely with the average GPP values from a critical assessment of 45
global GPP products (Zhang and Ye, 2021).

We ran these two TBMs with time-variant datasets for CO, climate,
and land-use changes at a spatial resolution of 0.5°x0.5° from 1901 to
the present. Climate data were generated by combining the Climatic
Research Unit (CRU) Time-series (TS) monthly product (Harris et al.,
2020) with the fifth generation ECMWF atmospheric reanalysis (ERA5)
hourly datasets (Hersbach et al., 2020). The gridded cropland and
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pasture land-use datasets were derived from the History Database of the
Global Environment (HYDE) (Goldewijk, 2017). To ensure equilibrium
in the carbon pools, the models were spun up using the forcing data from
1901 to 1910 over a 500-year period.

In this study, we used NBP to represent the carbon sources and sinks
over the YRV, defined as:

NBP = GPP — TER — D 2

where GPP is the gross primary production, TER is the total ecosystem
respiration, and D denotes disturbance-induced carbon fluxes, encom-
passing grazing, harvest, land-use change, and wildfires here (Poulter
et al., 2011; Sitch et al., 2003; Zeng et al., 2005; Zhang et al., 2018).
Since the processes considered by the two models differ, for simplicity,
we combine the terms TER and D into a single term, TER*, for the
following analyses:

NBP = GPP — TER’ 3

2.3. 0CO-2 v10 MIP products

The OCO-2 Model Intercomparison Project (OCO-2 MIP) is a
collaborative effort among atmospheric CO, modelers to study the
impact of assimilating OCO-2 retrievals into atmospheric inversion
models (Byrne et al., 2022). This study utilized NBP products derived
from 13 atmospheric inversion models (as detailed in Table S1) within
the OCO-2 v10 MIP. Modelers performed a standard suite of inversion
experiments, using a prescribed common fossil fuel emission dataset but
independent prior surface carbon fluxes, which were constrained by CO5
observations from OCO-2 and in situ measurements. The commonly
used fossil fuel emission adopted the Open-source Data Inventory for
Anthropogenic CO, (ODIAC) emission data product (Oda et al., 2018),
which provides monthly gridded emissions at a 1° x 1° resolution up to
2019, and extrapolated emissions in 2020 with additional information
from the Carbon Monitor emission product. In addition, ODIAC 2020 is
employed in the OCO-2 MIP for atmospheric CO; modeling (Basu and
Nassar, 2021). For fire emissions, most models used the Global Fire
Emission Database, either version 3 (GFED3) or version 4 (GFED4)
(Peiro et al., 2022). The project consists of four experiments: (a) IS:
Assimilation of in situ CO, measurements from an international obser-
vational network; (b) LNLG: Assimilation of OCO-2 ACOS v10 land nadir
and land glint XCO,, retrievals; (c) LNLGIS: Assimilation of in situ CO5
measurements and OCO-2 ACOS v10 land nadir and land glint XCO3
retrievals; (d) LNLGOGIS: Assimilation of in situ CO,, measurements and
all OCO-2 retrievals. In this study, we adopted the ensemble mean of
results from the LNLGOGIS experiment.

2.4. Satellite-based GPP product

In the main text, we utilized the Moderate Resolution Imaging
Spectroradiometer (MODIS) Terra GPP data, an 8-day cumulative
composite with a spatial resolution of 500 m, covering the period from
2001 to 2020. The GPP estimation in this dataset is based on the MOD17
algorithm, which employs a simple light use efficiency (LUE) model.
This algorithm calculates GPP using biome-specific parameters and
daily environmental inputs, including incoming photosynthetically
active radiation (PAR), minimum temperature over a 24-hour period,
and average daytime VPD (Turner et al., 2006). This dataset provides a
widely used, high-resolution measure of vegetation productivity,
enabling a detailed analysis of terrestrial carbon dynamics and their
response to climatic and environmental changes.

Additionally, we also utilized the solar-induced fluorescence (SIF)
from TROPOSIF dataset to examine vegetation changes from JJ to
August. SIF is the near-infrared light re-emitted from illuminated plants
and it has been found to strongly correlate with GPP (Guanter et al.,
2014; Kohler et al., 2018; Wang et al., 2021). We used the daily
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ungraded (L2B) TROPOSIF data derived from the 743-758 nm window,
which provides unprecedented high spatial and near-daily global
coverage (Kohler et al., 2020), to generate gridded monthly SIF and
DCSIF with a spatial resolution of 0.5° from 2018 to 2020.

2.5. Observation site

In this study, we further used data on NEP, GPP and TER observed
through eddy covariance at the Jinfo mountain site of the ChinaFLUX
network to validate changes in carbon fluxes. The quality of the data was
high, with the proportion of valid half-hourly CO5 flux observations
ranging from 80.93 % to 86.47 %. The flux observation tower, situated
at the Lanbaqing natural secondary forest observation site within the
Jinfo mountain National Station (107.1508°E, 29.0217°N), has been in
operation since late 2019. It is equipped with a state-of-the-art CPEC310
closed-path eddy covariance system, which is specifically designed for
accurate and long-term monitoring of CO5, water, and energy fluxes
within the atmospheric boundary layer.

2.6. Annual rice yield data

The provinces of YRV mainly practice double-cropping systems,
including rice-wheat, rice-rapeseed, and rice-vegetables rotations.
Typically, rice is sown in May, transplanted in June, and harvested in
October, with other crops planted during the remainder of the year
(Zhang et al., 2015). As such, the extreme precipitation in June and July
(JJ) may influence rice growth, potentially affecting annual rice yields.
In this study, we retrieved province-level statistics for the annual rice
production for 2019 and 2020 to analyze the potential impacts of this
extreme precipitation. Specifically, the year-on-year (YoY) percentage
change in rice production was calculated using the following formula:

YoY — RiC@Yieldz.ozo — RiceYieldzmg
RiceYieldsyo

x 100% @

where RiceYieldsp 9 and RiceYieldspyo denote the annual rice productions
in 2019 and 2020, respectively. The YoY value is expressed as a per-
centage (%), with a positive value indicating an increase in rice pro-
duction relative to 2019 and a negative value indicating a decrease.

2.7. Calculations of detrended anomalies of climate variables and carbon
fluxes

The analyses in this study were based on the detrended anomalies of
monthly climate and carbon fluxes. Specifically, for each grid cell, the
following steps were applied: (1) The climatological monthly mean of
the carbon fluxes (NBP, GPP, and TER*) and climate drivers (TAS, RAD,
SM, and VPD) was subtracted to eliminate the effect of seasonal cycle.
(2) To eliminate the effects of long-term changes such as those induced
by climate warming, CO, fertilization, and other factors, the linear
trends for each grid cell from 2001 to 2020 were subtracted. This step
ensured that the analyses focused on short-term anomalies rather than
long-term trends. This approach helped isolate the short-term variations
in carbon fluxes and climate drivers, which were critical for under-
standing the immediate impacts of extreme precipitation events.

2.8. Degree of recovery

Considering that extreme precipitation in 2020 primarily occurred in
June and July (JJ), which was predominantly concentrated in the YRV,
we computed the average of JJ as a single month for all subsequent
analyses. By comparing the anomalous NBP in August to the average
anomalous NBP for JJ, we can quantify the percentage of NBP recovery
across different data products. In detail, the degree of recovery (DoR)
can be expressed by the formula:
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ANBP gt

DR=(1-——7—"—"—
( ANBP, ‘AverageofJuneandJuly

) « 100% ®)

where ANBPaygi: and ANBPayerageofiuncandiuly are the total amount of
anomalous NBP in August and JJ within the study area (Tg C mo™).
Since we have noticed that ecosystem carbon sequestration markedly
declined during the extreme precipitation but subsequently recovered or
even increased after the event subsided, a higher DoR in Equation (5)
indicates a stronger recovery of ecosystem carbon sequestration. When
DoR exceeds 1, it suggests not only complete offset of the negative im-
pacts of extreme precipitation but also a net increase in sequestration.

2.9. Climate attribution of NBP anomalies

To assess the sensitivity of ecosystem carbon sinks to climate fluc-
tuations (including TAS, RAD, SM, and VPD), we constructed a multiple
linear regression (MLR) model at each pixel within the study area to
isolate the individual contributions of climate drivers to NBP anomalies,

(a)
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while accounting for the legacy effect of NBP from the previous months.
The model is expressed as follows:

NBP, = f3,NBP, + ,TAS + $;RAD + ,SM + s VPD + € )

Where NBP. and NBP, are the detrended NBP anomalies in the current
and previous months (gC m~2 mo 1), respectively; TAS, RAD, SM and
VPD represent detrended anomalies of the corresponding meteorological
variables for the current month. The regression coefficients 3, f,, f3, f4,
and f5 represent the apparent sensitivities of NBP to the legacy effect of
previous NBP, TAS, RAD, SM and VPD, respectively, and € is the residual
error term. These coefficients are estimated using Ordinary Least
Squares (OLS). To quantify the contribution of each factor, we multi-
plied its regression coefficient by the corresponding climate anomalies
for June-July (JJ) and August 2020, then summed the values of all
pixels to obtain total predicted NBP anomalies. Model performance was
assessed using R-squared (Multiple R?). Additionally, we treated the
entire region as a single entity to construct a MLR model, ensuring the
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Fig. 1. Detrended precipitation anomalies. (a) Latitudinal mean of detrended land precipitation anomalies (104°E-124°E) for summer months (June-August) from
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robustness and consistency of the results.

3. Results

3.1. NBP anomalies induced by extreme precipitation in summer 2020

In the summer of 2020, record-breaking heavy rainfall affected
southern China, particularly the middle and lower reaches of the YRV
(Fig. 1). The latitudinal mean of land precipitation anomalies within the
range of 104°E to 124°E from 2001 to 2023 shows that heavy precipi-
tation in the YRV during June and July of 2020 was the most severe in
the past two decades (Fig. 1a). Spatially, most provinces within the YRV
experienced prolonged rainfall, with 41.2 % of areas in June and 48.6 %
in July in the study region exceeding twice the standard deviation of
precipitation for the corresponding months over the past 19 years
(Figs. 1b and c). Precipitation subsequently declined in August as the
rain belt shifted northward into North China (Fig. 1d).

Fig. 2 shows the variations in NBP, based on multiple atmospheric
inversions from the OCO-2 v10 MIP and two terrestrial biosphere model
simulations. Clearly, during JJ, NBP exhibited widespread negative
anomalies across the study region (Fig. 2a-c). Observations from the
Jinfo mountain site are consistent with the findings, exhibiting signifi-
cant negative anomalies with NBP at — 11.63 gC m~2 mo~! (Fig. 2a).
Extreme precipitation event weakened the terrestrial carbon sink,
exhibiting consistency across regional and site scales. However, spatial
patterns of strong negative anomalies vary to some extent, likely due to
differences in underlying factors. For example, OCO-2 v10 MIP results
are influenced by prior flux error settings, atmospheric transport
models, meteorological inputs, optimization techniques, and observa-
tional data quality (Basu et al., 2018; Chevallier et al., 2010; Schuh et al.,
2019). In contrast, TBM simulations are shaped by model structures,
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included processes, and parameterizations (Rogers et al., 2014; Rogers,
2014).

By August, as precipitation subsided, negative NBP anomalies
weakened (Fig. 2d-f), and some regions even showed positive anomalies
(Figs. 2e and f). At the Jinfo mountain site, observations reveal a re-
covery in carbon sink capacity, with NBP rebounding to 9.14 gC m 2
mo ™! (Fig. 2d).

3.2. Underlying biological processes

According to Equation (3), NBP anomalies are determined by GPP
and TER*. To better understand these contributions, we analyzed their
variations (Fig. 3). It is important to note that OCO-2 v10 MIP directly
optimizes NBP without explicitly accounting for GPP and TER*. Thus,
our analysis primarily focused on the results from the two TBM simu-
lations. Obviously, both VEGAS and LPJwsl simulations showed a
marked and widespread GPP decline during JJ (Figs. 3b and c), mir-
roring the patterns of NBP anomalies (Figs. 2b and c). This decline is
further supported by MODIS GPP data (Fig. 3a). The spatial patterns of
SIF and DCSIF also reveal significant negative anomalies in the North-
east and Southwest regions of the study area (Figs. Sla and b). At the
Jinfo mountain site, the negative GPP anomalies are particularly pro-
nounced, with a value of — 44.60 gC m~2 mo~! (Fig. 3c). Meanwhile,
TER* exhibited a slight increase, implying that GPP variations were the
primary drivers of NBP changes (Figs. 2b and c). In contrast, TER* at the
Jinfo mountain site exhibited negative anomalies, measured at — 32.97
gC m 2mo ! (Fig. 3e).

In August, GPP demonstrated a clear recovery, particularly in the
VEGAS and MODIS data, which showed widespread increases (Fig. 3f-
h). Compared to JJ, the negative anomalies in SIF and DCSIF have been
alleviated, with positive anomalies being more prevalent (Figs. S1c and
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d). At the Jinfo mountain site, GPP remains negative at — 19.69 gC m 2
mo ™!, but this represents notable recovery compared to the stronger
negative anomaly of — 44.60 gC m~2 mo~! observed in JJ (Fig. 3h).
Additionally, TER* increases in some regions relative to JJ, with a more
pronounced enhancement observed in the VEGAS model (Figs. 3i and j).

In order to quantitatively analyze carbon sink dynamics, we
computed the regional total anomalies of NBP, GPP, and TER* (Fig. 4).
Significant negative NBP anomalies were observed in JJ, with values of
approximately — 16.75 Tg C in OCO-2 v10 MIP, —23.50 Tg C in VEGAS,
and — 16.88 Tg C in LPJwsl (Fig. 4a). Concurrently, GPP exhibited
negative anomalies of — 17.50 Tg C in VEGAS and — 11.29 Tg C in
LPJwsl, predominantly accounting for 74.47 % and 66.88 % of the NBP
variations, respectively. The GPP reductions were confirmed but were
less pronounced compared to MODIS GPP, which recorded a larger
negative anomaly of — 32.47 Tg C. In contrast, TER* exhibited positive
anomalies, with magnitudes of 6 Tg C in VEGAS and 5.59 Tg C in LPJwsl
(Fig. 4a). Compared with NBP and GPP, the disturbance terms incor-
porated into TER* were negligible in magnitude, with values of — 0.52
Tg C in VEGAS and — 0.68 Tg C in LPJwsl.

In August, as precipitation subsided, spatial patterns revealed some
positive anomalies, particularly in VEGAS (Fig. 2e). However, total NBP
anomalies remained negative, with values of approximately — 7.47 Tg C

in OCO-2 v10 MIP, —3.85 Tg C in VEGAS, and — 2.22 Tg C in LPJwsl
(Fig. 4b). Compared to the apparent reduced GPP in JJ, GPP in August
showed obvious increases of 12.59 Tg C in VEGAS and 23.52 Tg C in
MODIS, while LPJwsl exhibited a near-neutral change (—0.06 Tg C).
Meanwhile, TER* maintained positive anomalies in total, with magni-
tudes of 16.44 Tg C in VEGAS and 2.16 Tg C in LPJwsl (Fig. 4b). This
suggests that positive TER* anomalies significantly contributed to sus-
taining the negative NBP anomalies observed in August.

Using Equation (5), we quantified the DoR for NBP in August
compared to JJ, with values of approximately 55.40 % for OCO-2 MIP,
83.58 % for VEGAS, and 86.85 % for LPJwsl. The analysis highlights that
NBP recovery was primarily driven by changes in GPP. Total GPP
anomalies showed substantial increases compared to JJ, shifting from —
32.47 Tg C to 23.52 Tg C for MODIS, —17.50 Tg C to 12.59 Tg C for
VEGAS, and — 11.29 Tg C to — 0.06 Tg C for LPJwsl. Although TER* also
exhibited changes in both TBMs, the magnitudes of these changes were
notably smaller compared to those of GPP. Meanwhile, the disturbance
remained negative but exhibited a slight increase relative to JJ, as
confirmed by — 0.17 Tg C for VEGAS and — 0.23 Tg C for LPJwsl. Be-
sides, the mean anomalies of SIF and DCSIF confirmed a significant in-
crease in GPP from JJ to August, with an increase of 18.01 mW m 2
pm ™! sr! for SIF and 4.76 mW m~2 um ™" sr™! for DCSIF (Fig. S1).
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Fig. 4. Regional total anomalies of NBP, GPP, and TER* across different data products within the study region for (a) JJ and (b) August.
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Additionally, GPP or net primary productivity (NPP) are commonly
used to estimate crop yields due to their theoretical basis and practical
applicability, with harvest index (HI) of paddy rice being a key input
parameter in estimation models (Wang et al., 2020). Using annual rice
yield data from the National Bureau of Statistics, we compute year-on-
year percentage changes to evaluate the impact of extreme precipita-
tion on rice yields in 2020, further highlighting its influence on GPP.
Fig. 5 illustrates that most provinces experienced declines in rice pro-
duction, except for Jiangsu and Chongqing, where production remained
relatively unchanged (0.08 % and 0.02 %, respectively). Notably, Hubei
Province witnessed the largest reduction at — 4.5 %, followed by Zhe-
jiang (—3.2 %) and Anhui (—3.05 %).

3.3. Climate drivers

3.3.1. Contributions of climate drivers to negative NBP anomalies in JJ

The extreme precipitation event in 2020 induced variations in other
climate factors, including TAS, VPD, SM, and RAD, which primarily took
the responsibility of influenced NBP and its constituent fluxes. To un-
derstand these changes and their potential effects on NBP during and
after the event, we first examined the spatial patterns of anomalies for
these climate elements in JJ and August (Fig. 6).

During JJ, the extreme precipitation on one hand increased SM,
particularly in the northern YRV, and elevated relative humidity in the
lower troposphere, leading to a decline in VPD (Figs. 6a and b). On the
other hand, the persistent rainfall was accompanied by heavy cloud
cover, significantly reducing surface RAD and subsequently lowering
TAS (Figs. 6¢ and d).

To quantify the contributions of these climate variations to the
negative NBP anomalies during JJ, we applied Equation (6) at each pixel
within study area, incorporating NBP anomalies from May as an inde-
pendent variable to account for legacy effects. The regression models for
VEGAS and LPJwsl demonstrated strong explanatory power relatively,
with mean R? values of 0.75 and 0.69, respectively (Figs. 7a and b).
Specifically, the contributions of reduced RAD to NBP reductions were
estimated at — 19.36 Tg C for VEGAS (Fig. 7a) and — 8.54 Tg C for
LPJwsl (Fig. 7b), highlighting that insufficient RAD during prolonged
rainfall suppressed photosynthesis (Chen et al., 2023), thereby weak-
ening terrestrial carbon uptake. Contributions from other climate
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elements were relatively smaller. Notably, reduced VPD in VEGAS
actually enhanced NBP by 10.21 Tg C (Figs. 6b and 7a). Furthermore, we
presented spatial patterns for the contributions of each variable (Figs. S2
and S3), suggesting that RAD exerts the widespread inhibitory effect on
NBP, particularly in the VEGAS model (Fig. S2c). To validate these re-
sults, we also performed a similar MLR analysis for the whole study area.
Both equations demonstrated statistical significance as well, with R
values of 0.79 for VEGAS and 0.78 for LPJwsl (p < 0.001 for both
models). The RSE were 4.69 Tg C for VEGAS and 3.58 Tg C for LPJwsl,
confirming the robustness of the method. The results from the entire
study region were consistent with those derived from individual-point
models, further confirming that RAD reduction was the dominant fac-
tor contributing to negative NBP anomalies during JJ, with absolute
t-values exceeding 4 and p-values below 0.001 in both models (Figs. S4a
and b).

3.3.2. Contributions of climate drivers to negative NBP anomalies in August
In August, soil memory effects sustained positive SM anomalies,
particularly in the northern YRV following the extreme precipitation
(Fig. 6e). The dissipation of heavy cloud cover led to a rapid increase in
surface RAD (Fig. 6h), which subsequently elevated TAS (Fig. 6g). The
rise in TAS enhanced the saturated vapor pressure, causing VPD to re-
turn to normal levels and even increase in the southern YRV (Fig. 6f).
We also employed Equation (6) to conduct attribution analysis of
negative NBP anomalies in August for both VEGAS and LPJwsl models,
yielding mean R? values of 0.72 and 0.64, respectively. However, the
two equations derived from different models produced divergent results.
In the equation derived from VEGAS data, previous negative NBP
anomalies were pivotal in impeding NBP recovery, with the contribution
of — 9.96 Tg C (Fig. 7c). Recent researches indicate that extreme pre-
cipitation events can trigger delayed ecosystem responses, leading to
long-term impacts on CO balance (Chen et al., 2017; Hao et al., 2017;
Post and Knapp, 2020). These delayed effects, known as the ‘legacy ef-
fects’, were critical in sustaining the negative NBP anomalies observed
in August. In contrast, the equation constructed using LPJwsl data
underscored the inhibitory effect of TAS (Fig. 7d), contributing — 7.84
Tg C, followed by the legacy effect (—5.68 Tg C). This suggests that the
rapid escalation of TAS to positive anomalies was detrimental to vege-
tation photosynthesis, suppressing carbon sinks. Additionally, the

110° E
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Fig. 5. Year-on-year (YoY) percentage change in annual rice grain production across key provinces within the study area in 2020.
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Fig. 6. Anomalies of soil moisture (SM), vapor pressure deficit (VPD), surface air temperature (TAS), and downward solar radiation (RAD) associated with the
extreme precipitation in 2020. Panels (a-d) show mean detrended anomalies of SM, VPD, TAS, and RAD during JJ, respectively, while (e-h) represent detrended
anomalies for August, respectively.
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spatial pattern of contributions from different factors confirmed that
legacy effects from the previous month had the greatest impact in
VEGAS (Fig. S2h), while TAS exerted the strongest inhibitory effect in
LPJwsl (Fig. S3i). For both models, the MLR results across the entire

region were generally consistent with these findings, yielding R? values
of 0.53 and 0.81, respectively. Specifically, the contribution of legacy
effect in JJ is — 9.83 Tg C in VEGAS (Fig. S4c), while the contribution of
TAS was — 8.38 Tg C in LPJwsl (Fig. S4d), with absolute t-value
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exceeding 6 and p-value below 0.001.

3.3.3. Contributions of climate drivers to NBP recovery in August

Based on the attribution analysis, both VEGAS and LPJwsl models
identified RAD as the primary driver of NBP recovery, supported by the
spatial distribution of contributions (Figs. S2j and S3j). Quantitatively,
RAD contributed 12.94 Tg C to NBP recovery in VEGAS and 7.58 Tg C in
LPJwsl (Figs. 7c and d). These results suggest that the positive effect of
RAD on vegetation photosynthesis was strong enough to overcome
previous adversities, enhancing carbon absorption and aiding in re-
covery. The above conclusions also hold for the results of the overall
MLR model. The contribution of RAD is 20.96 Tg C in VEGAS and 8.08
Tg C in LPJwsl (Figs. S4c and d).

4. Discussion
4.1. Significant role of radiation in extreme precipitation events

In the summer of 2020, a record-breaking Meiyu event occurred in
YRV, characterized by a prolonged rainy season and abundant precipi-
tation, which inhibited terrestrial ecosystem carbon sequestration.
Compared to TER*, GPP variations were the primary drivers of negative
NBP anomalies. Excessive precipitation, combined with extensive cloud
coverage, led to a significant reduction in solar radiation. The MLR re-
sults of both VEGAS and LPJwsl showed consistency in emphasizing the
role of RAD, with contributions of approximately —19.36 Tg C for
VEGAS and —8.54 Tg C for LPJwsl. These results in line with photo-
synthetic activity is significantly inhibited by exposure to extreme pre-
cipitation due to insufficient photosynthetically active radiation and
waterlogging (Chen et al., 2023).

The remarkable recovery of GPP in August facilitated a substantial
recovery of NBP, with recovery rate of 55.40 % for OCO-2 v10 MIP,
83.58 % for VEGAS, and 86.85 % for LPJwsl. This recovery was largely
driven by increased photosynthetic activity, aided by enhanced solar
radiation, as leaf photosynthesis increases nonlinearly with incident
photosynthetically active radiation (Mercado et al., 2009). Our study
confirms that solar radiation played a pivotal role in both suppressing
and recovering NBP, surpassing the effects of SM, VPD, and TAS
anomalies. These findings align with previous research indicating that
photosynthetic photon flux density (PPFD) is the primary driver of GPP
and net ecosystem exchange (NEE) (Njoroge et al., 2022). Increasing
temperature appears to be the most important driver of the decline in
NBP from 1981 to 2018 globally, when investigating factors influencing
net terrestrial carbon uptake (Fernandez-Martinez et al., 2023). This
contrasts with our findings, which focus on a single extreme event.

Rice, the dominant crop in the study area, is particularly vulnerable
to extreme rainfall events. Transplanting is typically completed by June
(Zheng, 2015; Chen et al., 2023), and most of rice-producing provinces
saw a consistent decline in rice production in 2020. Our MLR analysis of
individual pixels highlighted the negative impact of reduced solar ra-
diation (RAD) on carbon absorption, reinforcing previous findings that
insufficient solar radiation caused by excessive precipitation leads to
yield losses (Tao and Yokozawa, 2005).

4.2. Uncertainty

This study employed multiple linear regression for attribution anal-
ysis, future research should explore more advanced models, such as
machine learning approaches, to enhance reliability and better under-
stand the climatic drivers of NBP anomalies. Current TBMs still exhibit
discrepancies, particularly in how they address the limiting effects of
excessive soil moisture on photosynthesis (Li et al., 2019; Pei et al.,
2022). Additionally, some studies suggest that state-of-the-art carbon
cycle models are overly sensitive to precipitation variability, contrib-
uting to uncertainty in the results (Piao et al., 2013). Meanwhile, it is
essential to consider the influence of human management practices,
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such as nitrogen fertilizer application, as they may influence model
simulation outcomes to some extent (Kou-Giesbrecht et al., 2025; Reay
et al., 2008). Given that extreme precipitation is accompanied by more
clouds and fewer clear skies, it inevitably affects the accuracy of remote
sensing retrievals and introduces a certain degree of uncertainty to
satellite-derived products.

This paper focused on the effects of climatic variables —such as SM,
VPD, TAS, and RAD—on NBP reductions and recovery, regardless of the
influence of other factors (e.g., nitrogen deposition, wind direction,
wind speed). TBMs overlooked the impacts of above-ground biomass
changes, soil erosion and waterlogging caused by extreme precipitation.
Intense rainfall can damage vegetation, leading to a loss of above-
ground biomass and soil organic carbon (Fuhrer et al., 2006). Addi-
tionally, prolonged waterlogging may disrupt the root-soil connection,
thereby reducing anchorage strength and ultimately resulting in root or
stem lodging (Jian et al., 2021). Extreme precipitation events are
frequently linked to wind gusts, severe storms, or tropical cyclones.
Their impacts include defoliation, branch breakage, and tree mortality,
further disrupting carbon sequestration (Frank et al., 2015). Although
we accounted for the legacy effects of previous month to some extent, we
did not consider the physical damage to vegetation caused by strong
winds and heavy precipitation, which could affect both current and
subsequent NBP changes. Accurately parameterizing these processes in
TBMs is essential to improve our understanding of regional carbon
balances, though the lack of sufficient observational data remains a
challenge for modelers.

4.3. Implications

The results of this study strongly suggested that extreme precipita-
tion events in 2020 caused significant negative NBP anomalies over the
YRV, which aligned with previous findings on the adverse impacts of
extreme rainfall on ecosystems, such as in the US Midwest during spring
and early summer 2019 (Ford et al., 2021). Located in a humid region
with pronounced seasonal rainfall variations, the YRV offered further
evidence that extreme rainfall could negatively affect ecosystem pro-
ductivity and carbon sequestration (Adams et al., 2017; Knapp et al.,
2002; Knapp et al., 2008). The substantial decline in GPP during this
period led to a marked reduction in carbon sinks, particularly in pro-
longed flooding conditions, where oxygen deprivation in plant roots can
impair respiration and even cause plant death (Kramer et al., 2008).

Under greenhouse gas-induced warming, the intensified hydrologi-
cal cycle is driving an increase in the frequency and severity of both
droughts and heavy precipitation events (Tabari, 2020; Seneviratne
et al., 2021), each significantly impacting terrestrial carbon sequestra-
tion. Droughts can severely inhibit gross primary productivity (GPP),
increase tree mortality, and reduce overall carbon uptake (Deng et al.,
2021; Schwalm et al., 2010; van der Molen et al., 2011). Conversely,
heavy precipitation events can disrupt carbon dynamics by inducing
waterlogging, reducing photosynthesis, and eroding topsoil, leading to
significant losses of soil organic carbon (Knapp et al., 2008). Hence, the
carbon balance does not exhibit a zero-sum response between these
contrasting extremes. While extensive research has explored the impacts
of drought on terrestrial carbon sinks, our study underscores the need to
also examine the effects of heavy precipitation, as both extremes play
critical roles in shaping the future trajectory of the terrestrial carbon
cycle.

5. Conclusion

This study examined the variations in NBP over the YRV induced by
the record-breading extreme precipitation in 2020, analyzing the un-
derlying mechanisms from the perspectives of biological processes and
climate drivers. The unprecedented summer precipitation during JJ led
to significant negative NBP anomalies, estimated at approximately —
16.75 Tg C by OCO-2 v10 MIP, —23.50 Tg C by VEGAS, and — 16.88 Tg
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C by LPJwsl. Although both negative GPP anomalies and positive TER*
anomalies contributed to the anomalous carbon source, the reduction in
NBP was primarily driven by the pronounced decline in GPP. Addi-
tionally, the decrease in GPP likely contributed to reductions in rice
productions across most of provinces over the YRV, particularly in
Hubei. With the cessation of the extreme precipitation in August, TER*
contributed to the persistence of negative NBP anomalies. Notably, NBP
exhibited a rapid recovery in August, primarily driven by a substantial
rebound in GPP. Recovery rates were detected as 55.40 % by OCO-2 v10
MIP, 83.58 % by VEGAS, and 86.85 % LPJwsl. MLR analyses at indi-
vidual grid points suggested reduced RAD as the dominant driver of the
decline in NBP during JJ, contributing approximately — 19.36 Tg C in
VEGAS and — 8.54 Tg C in LPJwsl. In August, the VEGAS model high-
lighted negative legacy effects from JJ (—9.96 Tg C), while LPJwsl
model emphasized the suppressive effect of abnormally high tempera-
tures (—7.84 Tg C). Results consistently underscored the critical role of
RAD in driving the recovery of carbon sink capacity compared to other
climatic factors, with contributions of 12.94 Tg C in VEGAS and 7.58 Tg
C in LPJwsl. When the entire study area was analyzed as a whole, the
attribution findings for both JJ and August aligned with pointwise re-
sults, reinforcing the robustness and reliability of the conclusions.
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