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Over the past 4 decades, Southwest China has the fast vegetation growth and aboveground biomass
carbon (AGC) accumulation, largely attributed to the active implementation of ecological projects.
However, Southwest China has been threatened by frequent extreme drought events recently, potentially
countering the expected large AGC increase caused by the ecological projects. Here, we used the L-band
vegetation optical depth to quantify the AGC dynamics over Southwest China during the period 2013-
2021. Our results showed a net AGC sink of 0.064 [0.057, 0.077] Pg C year! (the range represents the
maximum and minimum AGC values), suggesting that Southwest China acted as an AGC sink over the
study period. Note that the AGC loss of 0.113[0.101, 0.136] Pg C year was found during 2013-2014, which
could mainly be attributed to the negative influence of extreme droughts on AGC changes in Southwest
China, particularly in the Yunnan province. For each land use type (i.e., dense forests, persistent forests,
nonforests, afforestation, and forestry), the largest AGC stock increase of 0.032 [0.028, 0.036] Pg C
year~" was found in nonforests, owing to their widespread land cover rate over Southwest China. For AGC
density (i.e., AGC per unit area), the afforestation areas showed the largest AGC density increase of 0.808
[0.724,0.985] Mg C ha™* year™, reflecting the positive effect of afforestation on AGC increase. Moreover,
the karst areas exhibited a higher increasing rate of AGC density than nonkarst areas, suggesting that
the karst ecosystems have a high carbon sink capacity over Southwest China.

202 ‘ST Yore |\ uo Bio-aous1os’ [dsy/:sdny wouy pspeojumoq

(e.g.,in the years 2009-2013 and 2022), resulting in a large reduc-
tion in vegetation greenness [5], gross primary productivity [6],
and aboveground biomass carbon (AGC) [3]. These drought
events (e.g., 2009/2010 winter-spring drought, 2011 and 2013
summer droughts) have decreased the AGC sink over Southwest
China or even flipped the AGC sink into an AGC loss [7]. For

Introduction

Over the past 4 decades, Southwest China has acted as the pre-
dominant carbon sink [1-4], absorbing a huge amount of anthro-
pogenic CO, [3]. Yet, Southwest China was threatened by
frequent occurrences of extreme droughts in recent 2 decades
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example, a carbon loss caused by drought was observed over
Southwest China, using satellite and ground observations [7-10].
These results are opposite to the net carbon sink over Southwest
China reported by some prior studies [1,3,4,11,12], partly due
to the divergent study periods and methods for estimating the
carbon sinks of Southwest China. Hence, it is necessary to further
quantify the AGC budget over the Southwest China.

In addition, the karst regions, accounting for about one-third
of the Southwest China, have the fragile geological environment
characterized by excessive human disturbances, soil erosion,
land and vegetation degradation, and rock desertification dur-
ing the past century [13]. These issues made the carbon sink of
karst ecosystems to be more vulnerable to climate change [14]
than other landscapes. Meanwhile, frequent anthropogenic dis-
turbances have led to a large reduction in vegetation cover [11],
leading to the AGC loss over the Southwest China karst [15,16].
Since 1999, a succession of ecological projects were carried out
under the support of the Chinese government, in order to con-
vert croplands and degraded lands into forests, as well as protect
existing forests and decrease rocky desertification [17]. Such
projects include the Natural Forest Protection Project, the Grain
to Green Project, the Zhujiang River Shelter Forest Project, and
the Karst Rocky Desertification Restoration Project [18-20].

These intensive ecological restoration projects above could
largely compensate for the AGC reductions caused by natural
and human disturbances [21,22], especially for the Southwest
China karst areas. The ecological projects can also result in a
change of land use type [12], such as the transition from non-
forests to forests, through the implementation of land manage-
ment policies (e.g., forest protection and tree planting). To date,
the karst areas are mainly covered by forests and shrublands
enhancing the carbon sink capacity of the karst ecosystem,
contrary to the prior state characterized by degraded lands and
croplands [21]. However, it is unclear whether the magnitude
of AGC sink per unit area (i.e., AGC density) in karst areas is
higher than in nonkarst areas, although the karst areas smaller
than nonkarst areas. Thus, the contribution of ecological proj-
ects to the increase in AGC density over Southwest China
should be assessed.

Previous studies [23-25] monitored the temporal dynamics
of AGC mainly using optical vegetation indices (VIs) like gross
primary productivity and leaf area index (LAI), which are char-
acterized by a long-time span and relatively high spatial and
temporal resolutions [26,27]. However, the accuracy of optical
VIs is known to be influenced by cloud contamination, forest
canopy structure, and topography [27]. Affected by the East
Asian monsoon, frequent precipitation and cloudy conditions
resulted in an average sunshine duration of only 2,175 hours
year ' over Southwest China, which is lower than the national
average level of 2,430 hours year™' [28]. The rainy season in
Southwest China could reduce the data quality of Moderate
Resolution Imaging Spectroradiometer (MODIS) LAI result-
ing in more than 25% of bad-quality observations during the
summer period [29]. Furthermore, optical VIs could be affected
by saturation issues in densely vegetated areas and are only
indirectly sensitive, through the photosynthetic activity of the
leaves, to trunk and branch biomass [30,31], causing potential
uncertainties in AGC estimation over Southwest China.

The L-band vegetation optical depth (L-VOD) has been widely
used to quantify the AGC budgets over the China [4], Africa [32],
Siberia [33], Amazon [34], and the pan-tropics [35,36]. In con-
trast to VOD products obtained from high-frequency bands (such
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as C, X, Ku bands, 6.9 to 18.7 GHz) [37], low-frequency VOD
(L band, 1.4 GHz) is more sensitive to the overall vegetation struc-
ture (encompassing vegetation canopy and stem) and is more
related to the biomass spatial distributions [31,38]. Moreover,
L-VOD is hardly impacted by atmospheric conditions and the
presence of clouds [37]. Thus, L-VOD is highly suitable for moni-
toring the large-scale spatial and temporal AGC dynamics over
Southwest China.

The major aims of the present study are: (a) to examine
spatial-temporal patterns of the L-VOD-derived AGC over
Southwest China during 2013-2021; (b) to evaluate the impact
of ecological projects on AGC changes over Southwest China;
and (c) to assess the carbon sink capacity of karst areas over
Southwest China.

Materials and Methods

Study area

Southwest China (20°54'N to 34°19'N, 96°21'E to 112°04'E) con-
sists of Sichuan, Yunnan, Guizhou, Chongqing, and Guangxi
provinces (Fig. 1). The elevation gradually increases from the
southeastern to the northwestern parts of the region [39]. Average
yearly precipitation ranged from 1,000 to 1,300 mm. The domi-
nant vegetation types over Southwest China are forests (widely
distributed in the Hengduan Mountains, western Yunnan, north-
ern Guangxi, and eastern Guizhou), croplands (widely distrib-
uted in the Sichuan Basin and southern Guangxi), shrublands
(widely distributed in the Yunnan-Guizhou Plateau), and grass-
lands (widely distributed in the northwestern Sichuan) [40].
Moreover, Southwest China has 0.55 million km” of karst land-
scapes [41], which are located in the Yunnan-Guizhou Plateau,
eastern Chongging, and northern Guangxi.

Datasets

Land use map and karst map

The 500-m land use map provided by Tong et al. [12] (hereafter
referred to as Tong map) was used to get information about the
land use change and to explore the effect of ecological projects
on AGC changes over Southwest China. The Tong map was
based on a random forest (RF) model, driven by MODIS
MCD43A4 reflectance, GF-1 satellite images, and tree cover
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Fig. 1. The geographical location of Southwest China, the spatial distribution of
karst areas, as well as the land use map over Southwest China. The land use
types of Southwest China are separated into 5 classes, including “Dense forest”,
“Forest”, “Nonforest”, “Afforestation”, and “Forestry”. The land use map is provided
by Tong etal. [12].

202 ‘ST Yore |\ uo Bio-aous1os’ [dsy/:sdny wouy pspeojumoq


https://doi.org/10.34133/remotesensing.0113

Journal of Remote Sensing

datasets, covering the period of 2002-2017. The original Tong
map contains 8 land use types, including “Dense forest’,
“Forest’, “Nonforest”, “Recovery”, “Afforestation’, “Deforestation’,
“Rotation” and “Rotation;” (defined by the areas with harvest-
ing by large-scale forestry), which were further merged into 5
land use types in this study:

1. “Dense forest” (refer to “Dense forest” of Tong map [12])
contains protected remnant forests and secondary forests char-
acterized by a dense forest canopy. According to the description
of Tong map [12], all pixels classified as the “Dense forest” type
were defined as forest areas characterized by frequent anthro-
pogenic protection within ecological projects.

2. “Persistent forest” (refer to “Forest” of Tong map [12])
represents the less dense forests without human disturbances,
namely, no substantial harvesting activities occurred in this
type. According to the description of Tong map [12], all pixels
classified as the “Persistent forest” type were defined as anthro-
pogenic semimanaged forest areas within ecological projects.

3. “Nonforest” (refer to “Nonforest” of Tong map [12]) mainly
includes shrubs grasslands and croplands and also incorporates
fruit trees and small patches of trees. According to the descrip-
tion of Tong map [12], all pixels classified as the “Nonforest” type
were defined as persistent nonforest areas under anthropogenic
management within ecological projects.

4. “Afforestation” (by merging the “Recovery” and “Afforestation”
types of the Tong map [12]) contains areas with natural forest
recovery and tree plantations, indicating the land use change from
nonforests to forests. According to the description of Tong map
[12], all pixels classified as the “Afforestation” type were defined as
the afforested areas within ecological projects.

5. “Forestry” (by merging the “Deforestation”, “Rotation”, and
“Rotation;” of the Tong map [12]) represents extensive timber
harvesting affected by forestry, consisting mainly of clear-cutting
of forest stands and following regeneration (thus exhibiting
dynamic land use change between forests and nonforests).
According to the description of Tong map [12], all pixels clas-
sified as the “Forestry” type did not belong to the ecological
project implementation areas.

In these land use types above, all pixels classified as “Dense
forest”, “Persistent forest”, “Nonforest”, and “Afforestation” types
belonged to the ecological project implementation areas (Fig. 1).
To explore the interannual variation of AGC in the karst areas,
a karst map was selected (Fig. 1). Here, the land use map and
karst map were aggregated to 0.25° resolution using a majority
rule (Fig. S1).

L-voD
The estimations of AGC were derived from L-VOD based on the
Soil Moisture and Ocean Salinity INRA-CESBIO (SMOS-IC) V2
algorithm [42]. The SMOS-IC V2 product offers daily L-VOD
ata spatial resolution of 0.25° from both ascending and descend-
ing orbits during 2010-2021, which could exhibit a good relation-
ship with AGC [42]. Therefore, the SMOS-IC L-VOD has been
broadly used to assess the spatial distribution of AGC [32,35,36].
Because L-VOD data is disturbed by the radio frequency
interference (RFI) in China [43], we used a strict filtering
method to select good-quality VOD data. The root mean square
error (RMSE) between the measured and simulated brightness
temperature (TB-RMSE) linked to the SMOS-IC L-VOD prod-
uct was selected as a factor to remove the pixels impacted by
strong RFI [42]. The filtering method comprises the following
steps:
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1. Daily L-VOD data with scene flag (SF) > 3 and TB-RMSE >
8 k were removed [35], with SF > 3 corresponding to pixels
with complex topography.

2. We further calculated the remaining L-VOD data from
ascending (i.e., L-VOD ) and descending (i.e., L-VOD )
orbits for each trimester (3-month period), respectively. If the
difference between average L-VOD ¢ and L-VODp. data
was larger than 0.05 and the trimester average of the TB-RMSE
from the ascending (or descending) orbit was larger than 7k,
all the L-VOD 4. (or L-VODyyps) data within this trimester
were removed.

3. Following step (2), we associated all the filtered L-VOD 4.
and L-VODyp data in a combined data set (i.e., L-VODqy,)-
Note that if the L-VOD ;s and L-VODy¢ data are available on
the same day, we only keep L-VOD data with lower TB-RMSE.

4. For each trimester, we computed the standard deviation
(SD) and mean value of L-VOD), data, the daily L-VOD
data falling outside of mean + 2SD were removed. All the remain-
ing L-VOD data were used to estimate the AGC changes.

MODIS LAl

LAI is associated with the vegetation greenness fractions and
therefore potentially related to AGC [4]. The MODIS MOD15A2H
V6 product offers an 8-d composite LAI at a 500-m resolution
[44]. All good-quality pixels (according to the QC layers) of LAI
during the period 2013-2021 were selected.

MODIS normalized difference vegetation index (NDVI)

The MOD13A2 V6.0 product provides a 16-d average NDVI
at 1-km resolution [45], which is generated by averaging the
best pixels available from all the observations within a 16-d
period. All high-quality pixels (according to the QC layers) of
NDVTI over the study period were selected.

Meteorological data

Three meteorological data were selected to analyze the response
of AGC to extreme droughts and the meteorological conditions
over the Southwest China, including:

1. Precipitation, provided from Climate Hazards Group
InfraRed Precipitation with Station data (CHIRPS) [46]. The
CHIRPS offers global daily precipitation at 0.05° spatial resolu-
tion. A previous study [46] shows that the CHIRPS precipita-
tion shows a good performance in drought monitoring. Daily
CHIRPS precipitation data from 2013 to 2021 were used.

2. Soil moisture, obtained from the fifth-generation European
Centre for Medium-Range Weather Forecasts reanalysis (ERA5)
at 0.25° resolution [47]. Compared to precipitation, soil moisture
after water distribution (through evapotranspiration and runoff)
is considered as a variable more directly affecting vegetation
growth over Southwest China [5,48]. In addition, root-zone soil
moisture (RZSM) corresponds to the soil moisture content avail-
able for vegetation growth. The ERA5 soil column is divided into
4 soil layers (i.e., 0 to 7, 7 to 28, 28 to 100, and 100 to 289 cm).
Here, monthly ERAS soil moisture at the depths of 0 to 7 (0,,,,,),
7 to 28 (0,4.,,), and 28 to 100 (0,4y.,,) Was selected to compute
RZSM using a weighted average method [49], as follows:

RZSM=0.07X 0750, +0.21X 0550, +0.72X 0 1000 (1),

3. Standardized precipitation—evapotranspiration index (SPEI),
provided from the global SPEI database [50]. SPEI is based on
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multiple climatological factors from CRU TS 4.05, spanning the
period during 1901-2020 [50]. Monthly SPEI at a resolution of
0.5° was averaged yearly to compute a yearly SPEI index; pixels
that experienced yearly SPEI < —1 during 2009-2020 (which
included the years of above mentioned extreme drought events in
Southwest China) were defined as drought-aftected pixels [51,52].

The above-mentioned vegetation proxies (i.e., L-VOD, LAI,
and NDVI) and meteorological data (i.e., precipitation, SM,
and SPEI) were aggregated to yearly values at 0.25° using the
sample average method.

Topographic data

The 30-m topographic data was obtained from the Shuttle
Radar Topography Mission [53]. Southwest China is predomi-
nantly mountainous terrain, which may affect the accuracy of
AGC estimates. Thus, the elevation and relief amplitude were
selected as indicators of topographic variation and complexity
to assess the influence of topography on the estimations of AGC
over Southwest China. The relief amplitude was calculated as
the difference between the maximum and minimum elevation
values within a 3x3 moving window [29]. The elevation and
relief amplitude were aggregated to 0.25°resolution.

AGC benchmark map
Four AGC benchmark maps (Fig. S2) were selected to calibrate
the relationship between AGC and L-VOD, as follows:

1. The Saatchi map [54] contains the AGC estimates at a
1-km spatial resolution circa 2015. It utilized GLAS LiDAR
measurements to drive the comprehensive estimation of AGC,
combining MODIS and QuickSCAT data. The Saatchi AGC
map used here is an updated version derived from the Landsat,
MODIS, Shuttle Radar Topography Mission, and Advanced
Land Observing Satellite data.

2. The Baccini map [55] represents the AGC estimates at a
500-m spatial resolution circa 2007-2008. Compared to the
Saatchi map, the Baccini map was produced using the GLAS
and MODIS products based on the RF model.

3. The Saatchi-WT map [56], providing the AGC estimates
at a 1-km resolution circa 2010. Using the weighting tech-
nique (WT) method, the Saatchi-WT map was generated by
integrating 5 published AGC maps in forest areas [54,55,57-
59] and the Saatchi map over nonforest areas. According to
the description of the Saatchi-WT map, the forest and nonfor-
est areas were identified utilizing the land cover map from
Liu et al. [60].

4. The Su map [57] contains the forest AGC estimates at a
1-km resolution circa 2005. It was produced based on an RF
model, using optical remote sensing data, GLAS LiDAR, and
ground inventory measurements.

All 4 AGC benchmark maps (i.e., Saatchi map, Baccini map,
Saatchi-WT map, and Su map) were aggregated to 0.25° resolu-
tion. In addition, the biomass density units (Mg ha™") of these
maps were converted to the carbon density units (Mg C ha™)
by multiplying AGC values by a factor of 0.5 [55].

Methods

AGC changes estimated using L-VOD

The annual AGC products using L-VOD were produced based
on the same method as used by Fan etal. [35]: Firstly, the
L-VOD data were sorted in ascending order and grouped into
bins consisting of 250 grid pixels, and then the average L-VOD
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value for each bin was calculated. Subsequently, the mean AGC
value from the corresponding distribution in the AGC bench-
mark maps (i.e., Saatchi map, Baacini map, Saatchi-WT map,
and Su map) was computed for each L-VOD bin, thereby estab-
lishing the AGC curve as a function of L-VOD. This curve was
fitted by a power regression equation [33]:

AGC,p=ax VOD’ )

where a and b are parameters calibrated to obtain the best-fit
curve. AGC,is the benchmark AGC, and VOD is the mean
annual L-VOD value in 2015. For evaluating the uncertain-
ties associated with AGC estimates calculated for each AGC
benchmark map, we calculated the correlation coefficients
(r) and RMSE between benchmark AGCs and bootstrapped
AGC estimates using a bootstrap cross-validation method.
In addition, the 95% bootstrap confidence interval of the
AGC estimates retrieved from 4 AGC benchmark maps was
calculated.

Given that the area of each land use type varies greatly, the
dynamics of AGC density (i.e., AGC per unit area; Mg Cha™")
values and AGC stock (Mg C) values for each land use type
were analyzed. In comparison to the AGC stock changes,
quantifying the AGC density changes can allow us to better
analyze the effect of ecological projects on the increase of car-
bon sink of Southwest China. Similarly, the carbon sink capac-
ity of karst areas was assessed by calculating the AGC density
changes over the study period, because the karst area accounts
for about 30% of Southwest China (Fig. 1). Accordingly, the
time series of AGC density maps (Mg C ha™") during 2013-
2021 were generated based on Eq. 2. The AGC stocks (Mg C)
over Southwest China from 2013 to 2021 were computed by
multiplying yearly AGC density by each pixel area. The net
AGC changes (including AGC stock changes and AGC density
changes) were computed by the difference in yearly values
between 2013 and 2021. AGC gross gains and losses were
computed, respectively, by aggregating positive and negative
AGC changes over consecutive years spanning from 2013 to
2021.

We used the median values of 4 L-VOD retrieved AGC maps
(i'e" AGCSaatchi’ AGCBaccini’ AGCSaatchi-WT’ and AGCSu) to repre_
sent the AGC dynamics over Southwest China during 2013-
2021. The maximum and minimum AGC values were also
reported, because they could provide a comprehensive assess-
ment of AGC dynamics and the uncertainty of retrieved AGC
estimations.

Trend analysis

The interannual variation of annual vegetation proxies (i.e.,
AGC, NDVI, and LAI) and meteorological data (i.e., precipita-
tion and RZSM) were calculated by a linear regression method,
which is represented as follows:

Slope = Y, (vear,—year) x (Var, _W)

S (year,—year)’ ®

where # is the number of study periods. Var, is the annual vari-
able value in year i. Slope represents the trend of the temporal
variations. We also selected the P value to identify the pixels
with significant trends (P < 0.1) using an F test [61].

202 ‘ST Yore |\ uo Bio-aous1os’ [dsy/:sdny wouy pspeojumoq


https://doi.org/10.34133/remotesensing.0113

Journal of Remote Sensing

34°N

30°N

26°N

112°E

30°N

26°N

22°N

0

96°E 104°E 112°E

96°F 104°E 2°g
34°N
30°N ~
<
Ko
40 O
oNn
26°N =
22°N
96°F T04°E Ti°g

Fig. 2. Spatial patterns of 4 L-VOD derived AGC maps for the first year of study in 2013 over Southwest China. (A) AGCs,achi- (B) AGCguccini- (C) AGCsuatchiwt- (D) AGCs,.

Results

Spatial pattern of AGC over Southwest China

The 4 L-VOD-derived AGC maps (i.e., AGCq,ychi» AGChpaceini>
AGCq,hiw and AGCg,) in 2013 exhibited a similar spatial
pattern of AGC density over Southwest China (Fig. 2). High
AGC values were mainly located in the southern regions of
study area (i.e., Southeastern Chongging, eastern Guizhou,
northern Guangxi, and southwestern Yunnan provinces). Low
AGC values were observed in northwestern Sichuan and the
Sichuan Basin (Fig. 2), which are dominated by grasslands and
croplands, respectively.

In the year 2013, nonkarst areas showed the largest AGC
stocks of 3.501 [3.239, 3.736] Pg C (the range represents the
maximum and minimum AGC values calculated by 4 AGC
benchmark maps) (Fig. 3A), accounting for 68.85% of the total
AGC stocks over Southwest China. Meanwhile, the karst areas
showed AGC stocks of 1.584 [1.476, 1.685] Pg C (Fig. 3A). For
AGC density (indicated by the AGC per unit area), a higher
AGC density was observed over the karst areas (45.167 [41.665,
48.176] Mg C ha™ 1, relative to the nonkarst areas of 42.721
[39.573, 45.585] Mg C ha™' (Fig. 3B). Among land use types,
the largest AGC stocks were found in nonforests (2.767 [2.460,
2.992] Pg C) that covers the majority (62.55%) of the study
area, followed by persistent forests (1.187 [1.092, 1.250] Pg C),
forestry (0.483 [0.445, 0.509] Pg C), dense forests (0.377 [0.347,
0.397] Pg C), and afforestation (0.298 [0.275, 0.318] Pg C)

Fan et al. 2024 | https://doi.org/10.34133/remotesensing.0113

A o AGC stocks <0 AGC density
T 60
4 = 's
= - 540 = =
-9 P =
|+‘ =20
0 0
Karst Nonkarst Karst Nonkarst
c 4 AGC stocks D <0 AGC density
3 760
<
@] <=
50 2 O 40
=
1 Fx—‘ =20
0 0
GoreSt gorest corest 0D ooey est ¢ gest eS‘ e
B S =0

Fig.3.AGC estimates for the first year of study in 2013. (A) AGC stocks and (B) AGC
density over the karst and nonkarst areas. (C) AGC stocks and (D) AGC density for
each land use type. The error bars represent the uncertainties of AGC stocks and
AGC density estimated by 4 AGC benchmark maps.

(Fig. 3C). The highest AGC density was found in persistent
forests (56.003 [51.550, 59.015] Mg C ha™ ) followed by dense
forests (55.372 [50.916, 58. 283] Mg C ha™ b, forestry (54.766
[50.452, 57.730] Mg C ha™), afforestation (45.410 [41.904,
48.420] Mg C ha™), and nonforests (38.203 [33.958, 41.302]
Mg Cha™ D) (Fig. 3D).
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AGC changes in space and time

The period of analysis contained several extreme drought
events linked to the AGC losses, potentially introducing uncer-
tainties in AGC trend analysis. Therefore, the analysis of our
results was mainly based on the yearly net AGC changes. Our
study revealed a gross AGC loss of —0.007 [—0.006, —0.009]
Pg C year ' was offset by a gross AGC gain of +0.071 [+0.063,

Change from 2013 (Pg C)
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+0.086] Pg C year™' during 2013-2021, leading to a net sink
of +0.064 [+0.057, +0.077] Pg C year™" over Southwest China
(Fig. 4A). Both LAI and NDVI showed an increasing trend
over the study period (Figs. S3 and S4), which are in line with
the AGC trends. At the provincial scale (Fig. 4B to F), the
Sichuan province had the largest AGC sink of +0.026 [+0.024,
+0.031] Pg C year ™', followed by Guangxi (+0.013 [+0.012,
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Fig. 4. Yearly net AGC changes from 2013 over Southwest China. The AGC values shown were subtracted from the 2013 baseline values. (A to F) Net AGC changes for the
Southwest China, Chongging, Guizhou, Guangxi, Sichuan, and Yunnan provinces, respectively. The shaded areas show the uncertainties of AGC changes estimated by 4 AGC

benchmark maps.
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+0. 017] year ", Yunnan (+0.010 [40.009, 40.012] Pg C
year™ Y, Guizhou (4+0.010 [+0.009, +0.012] ]PgC Year 1, and
Chonggqing (40.005 [+0.005, +-0.006] Pg C year

Spatially, the positive AGC net changes were observed for
81.65% of the area in Southwest China during 2013-2021 (Fig.
5A), with the AGC sinks able to be observed in Sichuan, northern
Chongging, Guizhou, and Guangxi provinces. The AGC losses,
by contrast, were found in the southwestern part of the Yunnan
province (Fig. 5A). Similar patterns could be observed in the
yearly trend of AGC (Fig. 5B). The gross AGC losses were mainly
observed in Chongging, eastern Guizhou, western Guangxi, and
Yunnan provinces (Fig. 5D). In parallel, areas with high gross
AGC gains (Fig. 5C) correspond to areas of gross AGC sink,
offsetting these AGC losses and resulting in an overall net AGC
increase within these areas.

For a better understanding of the negative effect of drought
on the AGC dynamics, the AGC changes in 2013-2014 (2014
AGC density map minus 2013 AGC density map) and drought
areas (defined as pixels with SPEI < —1 in 2013) were ana-
lyzed. In the years 2013-2014, the AGC losses (i.e., AAGC <

0) of —0.113 [-0.101, —0.136] Pg C year_1 were found over
the Southwest China, with —0.107 [-0.095, —0.132] Pg C
year™' of the AGC losses observed from drought-affected areas

A AGC changes
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(Fig. 6A and B), such as Yunnan and southern Sichuan prov-
inces (Fig. 6C). In addition, the magnitude of AGC losses was
related to the drought intensity (Fig. 6D), with the largest AGC
losses were found in areas with SPEI < —1.5. These results
suggest that the severe droughts reduced the AGC over
Southwest China, leading to Southwest China transitioning
to act as a net AGC loss in 2014.

Furthermore, it should be noted that more than 70% of
Southwest China (especially for the Yunnan province) was also
affected by severe drought during 2010-2012 (Figs. S5 and S6),
which may have a legacy effect on AGC changes during the
study period. Meanwhile, the precipitation and RZSM values
indicated abnormally dry conditions during the period of 2013-
2014 (Fig. S3B), providing unfavorable growing conditions for
vegetation over Southwest China.

AGC dynamics for each land use type

The influence of ecological projects on AGC over Southwest China
during 2013-2021 was quantified (Fig. 7), indicated by the net
AGC changes for each land use type. Overall, the net AGC changes
in all land use types were positive during 2013-2021 (Fig. 7A).
Nonforests exh1b1ted the largest AGC sink (4+0.032 [+0.028,
+0.036] Pg C year™'; Fig. 7A), followed by the persistent forests

: AGC trends
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D Gross losses
34°N

30°N

26°N

22°N
96°E

104°E 112°E

Fig. 5. Spatial patterns of AGC density changes during 2013-2021. (A) Yearly net changes, (B) trends, (C) gross gains, and (D) gross losses in AGC density during the 2013-2021
period. Yearly AGC trends are indicated by significantly positive (blue) and negative (red) trends (linear trend; P < 0.1). Gross AGC gains and gross AGC losses were calculated,
respectively, by aggregating positive and negative AGC changes, for consecutive years during 2013-2021.
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Fig. 7. Temporal dynamics of AGC for each land use type during 2013-2021. (A) AGC
changes and (B) AGC density changes for each land use type. (C) Areal ratios of land
use types. The shaded areas in (A) and error bars in (B) show the uncertainties of
AGC changes estimated by 4 AGC benchmark maps.
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AGC dynamics in karst and nonkarst areas

Over the study period, both karst and nonkarst areas showed
AGC increases (Fig. 8A). The net AGC change in karst areas was
+0.022 [+0.020, +0.027] Pg Cyear (29.57% of total area), nearly
half of the net AGC changes in nonkarst areas (+0.042 [+0.037,
+0.050] Pg C year_l, 70.43% of total area) (Fig. 8A and C).
Contrary to the results of AGC stock changes, karst areas have a
h1gher AGC density increase (+0.772 [+0.692, +0.940] Mg C
ha™! year D) relatrve to nonkarst areas (+0.537 [+0.481, +0.646]
Mg Cha™" year™') (Fig. 8B), suggesting a high carbon sink capac-
ity of karst areas.

We further analyzed AGC changes for each land use type of
karst and nonkarst areas (Fig. 9). Over the karst areas, the AGC
stock increases were mainly observed in nonforests (+0.012
[+0.010, +0.014] Pg C year ") and persistent forests (4+0.005
[+0.005, +0.007] Pg Cyear™ D) (Fig. 9A). In terms of AGC density
changes, the dense forests showed the largest i increase in AGC
density of +1.191 [+1.068, +1.468] Mg C ha™' year™' (Fig. 9B),
followed by persistent forests (+0.842 [+0.757, +1.106] Mg C
ha™ year , afforestation (+0.818 [+0.734, +1.047] Mg C ha
year~ N, forestry (+0.642 [+0.576, +0.816] Mg C ha year Y,
and nonforests (+0.545 [+0.488, +0.637] Mg C ha™ year~ h.

Over the nonkarst areas, the main AGC increases were also
observed in nonforests (+0.020 [+0.018, +0.023] Pg C year™ H as
well as persistent forests (+0.012 [+0.011, 4+0.015] Pg C year™ D)
(Fig. 9A). The largest AGC density increases were found i in affor-
estation areas (+0.799 [+0.715, +0.926] Mg C ha™ year D) (Fig.
9B), followed by persistent forests (4+0.788 [+0.707, +1.006] M%
C ha™ year~ b, forestry (+0.607 [4+0.545, +0.779] M% C ha
year~ Y, dense forests (+0.576 [+0.517, +0.728] MgC ha year )
and nonforests (+0.393 [+0.351, +0.441] Mg C ha™ year~ h.
Generally, the nonforest areas showed the largest increase in AGC
stocks in both karst and nonkarst areas during 2013-2021.

Discussion

Continuous AGC increases over Southwest China

The dynamics of AGC derived from L-VOD showed a net sink
(+0.064 [+0.057, +0.077] Pg C yearfl) over Southwest China
during 2013-2021, supporting previous findings on the increase
in vegetation growth and AGC over Southwest China in recent
decades [11,12,14]. The AGC increases are dominated by non-
forests owing to the large areas they occupy, as reported by the
study of Tong et al. [12] highlighting the high carbon uptake in
nonforested areas of southern China. According to the descrip-
tion of Tong map [12], nonforests have several shrubs and small
trees, which have a greater carbon sink capacity than herbaceous
vegetation (such as grasslands and croplands). Zhang et al. [62]
reported that vegetation in nonforest areas only reached 42% of
the carbon sink potential, suggesting that nonforests could still
absorb a large amount of CO, in the future. Besides, the persist-
ent forests exhibited the large increase in AGC density over the
study period, probably due to the presence of many forests with
young and middle-aged trees, which still have a high carbon sink
potential. Hence, maintaining the protection of persistent forests
may continue to increase regional AGC stocks.

However, human disturbances associated with the reduction
of vegetation cover [63] and climate change [64], such as extreme
drought events, may lead to a large decrease in the AGC stocks.
Our results showed that the large AGC losses during 2013-2014
were mainly occurred in the drought-affected areas, especially
in the Yunnan province. After the year of 2016, persistent AGC
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Fig. 8.AGC dynamics in karst and nonkarst areas during 2013-2021. (A) AGC changes
and (B) AGC density changes in karst and nonkarst areas. (C) Area ratios of karst and
nonkarst areas. The shaded areas in (A) and error bars in (B) show the uncertainties
of AGC changes estimated by 4 AGC benchmark maps.

reduction was also found in Yunnan province, suggesting that
the Yunnan Province has served as a carbon loss during the
period 2016-2021. The persistent AGC losses in Yunnan could
be attributed to the frequent drought events that threaten the
vegetation carbon sink capacity and offset the positive effect of
ecological projects on AGC stocks. These results are consistent
with the simulations of multiple atmospheric inversion models
[7,10] that indicated a net carbon loss caused by drought over
the western Yunnan Province during the period 2010-2019.
Interestingly, the AGC losses in Yunnan were opposite to the
greening trends indicated by LAT and NDVI values, suggesting
that the recovery of AGC stocks was much slower than that of
greenness after the drought perturbation. Similar results were
found in the Siberian forests [33], where AGC losses and green-
ing trends occurred simultaneously. Therefore, the protection
of vegetation in Yunnan province should be enhanced by
improving the effectiveness of ecological projects, to mitigate
the negative impacts of drought on AGC stocks in this region.
Our estrmated net AGC changes (40.064 [+0.057, +0.077]
Pg C year ') durrng 2013-2021 are comparable to the values
(+0.050 Pg C year ") reported by Tong et al. [11] over the 2001-
2012 time period. In addition, the previous estimates by Tong
etal. [12] demonstrated that the AGC density increase was
+0.610 Mg C ha™' year™', which is close to our results (+0.655
[4+0.586, +0.793] Mg C ha ! year™ Y. Our estimated net AGC
changes are slightly lower than the 16-year (2002-2017) average
AGC sink of +0.110 Pg C year™' reported by Tong et al. [12].
This larger amount could be due to the difference in the study
area extent as Tong et al. [12] considered 3 more provinces
(Hubei, Hunan, and Guangdong provinces) compared to our
study. Our estimated AGC stocks of 2.344 [+2.159, +2.474] Pg
C in forest areas are close to the forest inventory estimates of
2.426 Pg C [65], supporting the accuracy of our AGC estimates.
The small difference between our results (estimated over 2013-
2021) and the forest inventory (estimated over 2009-2013) [65]
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could be attributed to the expansion of forest areas in recent
decades [20,66].

Impacts of ecological projects on AGC changes
Our results showed that the afforestation areas had the largest
carbon sink capacity, partly attributed to the expansion of forests
in these areas. Over the past 2 decades, ecological projects in the
form of afforestation have converted portions of bare ground
and croplands to forests, and enforced protection intensity of
existing forests over Southwest China [17,63,67]. Especially for
the karst areas, the ecological conditions and forest cover rates
in karst areas have improved through effective human manage-
ment and protection, thus enhancing the carbon sink capacity
of karst areas. Furthermore, a field-based experiment in Sichuan
province [68] showed that the ecological projects reduced soil
erosion and increased biodiversity by increasing the area of
mixed forests, thereby mitigating the negative impact of drought
on AGC stocks. Thus, the successful implementation of ecologi-
cal projects and afforestation not only benefits local livelihoods
but also increases AGC [15] and mitigates climate change [11].
Several studies [11,64,69] have confirmed that human man-
agement, particularly ecological restoration projects, is the pre-
dominant factor driving vegetation growth and AGC increase
in Southwest China karst. In addition, Southwest China karst is
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mainly located in the East Asia monsoon climate zone, creating
the basis for a stable and favorable climate (e.g., Slopepzqy > 0
in Fig. S3B) during the study period [69], thereby promoting the
increase of AGC over the Southwest China karst. To date, land
degradation and sloping croplands still exist in karst areas
[21,63], indicating that there is still a considerable carbon sink
potential in these regions [70]. Addressing these issues by affor-
estation and tree species adjustment could increase AGC stocks
in karst areas [62].

The magnitude of AGC density increase in forestry was lower
than that in other forest types, despite the forestry did not belong
to the scope of ecological projects [12], suggesting that the sus-
tainable management of forests in forestry areas should be
enhanced to increase the regional AGC. Forestry was mainly
used as a means to alleviate poverty for local residents through
timber production and fruit sales [12]. If certain forests in for-
estry areas no longer have the capacity to absorb CO, (i.e., cease
to serve as a carbon sink or even transition into a carbon loss),
harvesting these trees may be the best option [71]. This is because
harvesting could reduce AGC losses from forest decomposition
and generate wood production. Moreover, forests of native tree
species could provide better performance than tree plantations
on a number of ecosystem services [72], such as carbon seques-
tration, water provisioning, and biodiversity benefits. Restoring
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Fig. 11. The relationship between uncertainties of AGC density estimates and elevation over Southwest China. The RMSE value is calculated by 4 AGC benchmark maps, using

the bootstrap cross-validation method. (A) Saatchi. (B) Baccini. (C) Saatchi-WT. (D) Su.
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old plantations that are no longer intended for timber production
to native forests can increase AGC stocks in forestry areas [73].

Yet, the implementation of ecological projects may generate
some negative impacts on the hydrological cycle in karst areas
[12]. For example, excessive afforestation may increase soil mois-
ture consumption and evapotranspiration, leading to water short-
ages at local and regional scales [74]. In particular, a considerable
part of plantations in Southwest China karst are Eucalyptus,
which can consume more water than other tree species [75,76].
Extensive ecological restoration projects may also impact the
local food production in Southwest China karst due to the
increase of abandoned cropland [77]. The trade-off between
afforestation and food provisioning and security should be given
attention in future ecological restoration projects.

Uncertainties and limitations

We used 4 AGC benchmark maps (i.e., Saatchi map, Baccini
map, Saatchi-WT map, and Su map) to calibrate and estimate
the L-VOD-based AGC density maps during the study period.
For evaluating the uncertainties associated with AGC estimates
calculated for each AGC benchmark map, a bootstrap cross-
validation method was used in 2015. Our results showed that
the AGC stocks retrieved using the Baccini map have the high-
est accuracy, indicated by the lowest RMSE value 0of 0.153 Pg C
(Table S1). At the pixel scale, the high RMSE values associated
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with 4 AGC benchmark maps were mainly distributed in the
Hengduan Mountain and the Yunnan-Guizhou Plateau (Fig.
10), which are characterized by the complex topography and
high elevations (Fig. S7). The Baccini map also exhibited lower
RMSE values in AGC density estimates relative to other maps
(Fig. 10B), suggesting that the Baccini map has a good perfor-
mance for estimating AGC over Southwest China.

To evaluate the influence of topography on the AGC estima-
tions over Southwest China, the relationship between uncer-
tainties of AGC density estimates and 2 topographic factors
(i.e., elevation and relief amplitude) was investigated (Figs.
11 and 12). Across 4 AGC benchmark maps, the RMSE values
increased with elevation (Fig. 11), except for the Baccini map
where the highest RMSE values were found at elevations
between 1,000 and 2,000 m. Similarly, the RMSE values showed
an upward trend with increasing relief amplitude (Fig. 12),
except for the Baccini map where the highest RMSE values were
observed at relief amplitude between 30 and 40 m. Thus, these
results suggest that the accuracy of AGC estimates was influ-
enced by the topographic features: higher accuracy of AGC
estimates is found in areas with low elevations and flat terrain,
whereas lower accuracy is found in areas with high elevations
and rugged terrain.

Although a strict pre-processing method was used to filter
the influence of RFI and topography, the remaining L-VOD
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Fig. 12. The relationship between uncertainties of AGC density estimates and relief amplitude over Southwest China. The RMSE value is calculated by 4 AGC benchmark maps,
using the bootstrap cross-validation method. (A) Saatchi. (B) Baccini. (C) Saatchi-WT. (D) Su.
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pixels may still be affected by RFI to some extent, potentially
affecting the accuracy of AGC estimation. The presence of RFI
leads to the lack of L-VOD observation in a few pixels and limits
the applicability of monitoring AGC dynamics in parts of
Southwest China, such as the eastern part of Sichuan. Never-
theless, the negative effect of RFI on L-VOD has diminished
obviously in China after 2016 [42]. Moreover, the relatively
coarse spatial resolution (0.25°) of the AGC maps based on
L-VOD generally limits the ability to analyze accurately the AGC
dynamics for each land use type separately [32,35], because a
single pixel at a resolution of 0.25° would often consist of differ-
ent land use types. For example, nonforests and afforestation
areas may be combined in a 0.25° grid cell, reducing our ability
to accurately calculate the net AGC changes precisely at the level
of classes of afforestation and nonforests.

Some uncertainties are also contained in the original Tong
map, such as the uncertainty associated with the carbon density
models. Additionally, the Tong map represents the land use
change for the period 2002-2017, which may introduce certain
uncertainties to our results.

Conclusions

In the present study, the AGC dynamics over Southwest China
during 2013-2021 were analyzed using the L-VOD-derived
AGC product. The AGC stocks over Southwest China exhibited
a net sink of +0.064 [+0.057, +0.077] Pg C year ', suggesting
that Southwest China represents an AGC sink over the study
period. Yet, regional drought resulted in a large AGC stock
decrease of —0.113 [—0.101, —0.136] Pg Cyear™ during 2013-
2014, making Southwest China act as an AGC loss in 2014,
especially for the Yunnan province. For each land use type, the
nonforests showed the largest increase in AGC stocks (+0.032
[+0.028, +0.036] Pg C year_l), owing to their predominance
over Southwest China. For the AGC density changes, afforesta-
tion areas showed the highest increase in AGC density (40.808
[+0.724, +0.985] Mg C ha™" year™ "), suggesting that afforesta-
tion has been an effective measure for carbon sequestration
over Southwest China. Given that the magnitude of AGC den-
sity increase in forestry was lower than that in other forest
types, the sustainable forest management in forestry could be
enhanced, in order to increase regional AGC and mitigate cli-
mate change. Furthermore, our results showed a high carbon
sink capacity of the karst areas, indicated by the higher increase
in AGC density of +0.772 [+0.692, +0.940] Mg C ha™" year™
in karst areas than nonkarst areas (+0.537 [+0.481, +0.646]
Mg C ha™' year™).

Some limitations should be noted, such as the coarse spatial
resolution of the AGC map, and the RFI affecting the L-VOD
data over Southwest China. Additionally, the accuracy of AGC
estimates is affected by topographic factors, such as elevation
and relief amplitude. Further studies should use finer resolution
L-VOD products to monitor AGC dynamics and utilize ancil-
lary data to explore the drivers of AGC over Southwest China.
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