Impact of precipitation levels on vegetation in
ecoloqically fraqgile karst areas in the Guangxi (China)
karst region

— o e —
“.Ege.te.me“l”" the-karst-ecologicar-fraghe-areas-van

Mingzhi Li*>*#, Ying Xie"#, Yanli Chen" ", Yue Zhang?, Weihua Mo

! Guangxi Institute of Meteorological Sciences, Nanning 530022, China;

2 Baise Meteorological Bureau, Baise 533000, China;

3 College of Resources and Environmental Sciences, China Agricultural University, Beijing 100093, China

# Mingzhi Li and Ying Xie contributed equally to this work.

* Corresponding Author: Yanli Chen

Guangxi Institute of Meteorological Sciences, Nanning 530022, China
Email address: yzch208@163.com

Abstract

To investigate the distribution pattern of regional rainstorm disasters and its impact on vegetation in
the karst region of Guangxi, two vegetation parameters, fractional vegetation cover (FVC) and net
primary productivity (NPP), were selected to analyze the spatial response characteristics and forest
species differences of different vegetatlon parameters to ﬁve levels of ramfall in Karst region of
Guangxi. #a ato-rd ! : H T g bl a
mmﬁﬁJﬁNonnahzed Difference Vegetatlon Index (NDVI) fractlonal vegetatlon cover (FVC) and
net primary productivity (NPP), to analyze the spatial response characteristics of different vegetation
remote sensing parameters to five levels of rainfall, namely, moderate rain, heavy rain, heavy rain,
heavy rain, and very heavy rain, and the differences of forest species in the karst region of Guangxi.
The results show: (1) The effects of exceptionally heavy rainfall on vegetation NDVI, FVC and NPP
were significantly greater than those of other classes of rainfall. (2) The southwestern and central
parts of the study area are the concentration of high negative impacts of very heavy rainfall and
heavy rainfall on the remote sensing indices of vegetation. (3) Different levels of rainfall had a
greater negative effect on NDVI and FVC in economic and broadleaf forests in the study area, while
eucalyptus forests had a lesser effect. The results suggest targeting-focusing Vegetatlon protectlon
efforts based on aeecording—to—geographical and species-specific differencesspee
particularly espeeially-in areas with aef high incidence of exceptionally heavy ralnfall and 1 Lgl()ll
dominated by inareas-efeconomically value and bread-leaved types of vegetation forests.
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Introduction

Karst is one of the four major ecologically fragile areasregions in China. Karst landforms are —is-widely
distributed in Guangxi, where these karst-areas are characterized by hawve-prominent rocky desertification
landscape (Chen et al., 2018) and shallow soil layer. In the-speeialthis unique habitat, vegetation has
weak ability to bear meteorological disasters (Xu et al., 2012). Under the background of climate warming,
meteorological disasters happen and develop at a high frequency and high-intensity (Zhai et al., 2012;
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Lim et al., 2023; Pandey et al., 2022), posing a great threat to the ecological environment protection.
Rainstorm-isRainstorms are one of the most significant impertant-meteorological disasters in karst areas
(Huang et al., 2015; Cahyadi et al., 2021). Assessing their impact in these ;and-itis-of sreatsignificance
S i c i i S regions is crucial —for controlling the-eentrel-efrocky
desertification, wegetation protection and restoration vegetation, and managing the ecological
environment-eentrol.
At present, a variety of remote sensing vegetation indexes have been developed, among which
normalized difference vegetation index (NDVI) is the most widely used (Khoroshev et al., 2023;
Mazengo et al., 2023). Fractional vegetation cover (FVC) means the percentage of the vertical projection
area of the above-ground portion of vegetation on the ground in the total statistical area within a unit
area (Gitelson et al., 2002). Net primary productivity (NPP) is the amount of organic matter accumulated
by green plants per unit area and time, namely the deduction of respiration consumption of plants from
organic carbon fixed by photosynthesis (Pu et al., 2001). As a spatially explicit indicator (Donmez et al.,
2024), it has been preved-proven to be highlya highly effective indicator indieative-inrefleetingof the
lushness of plant community growth and its ecological quality (Qian et al., 2020). Meteorological
conditions are indispensable and important factors affecting vegetation growth (Uffia et al., 2021; Tian
et al. 2024; Nabizada et al., 2023), and scholars have carried out many studies using remotely sensed
vegetation indices and meteorological data, which mainly include two major categories of the effects of
climatic factor averaging and non-averaging (meteorological hazards).. In the research on [the average
state, it is generally believed that temperature exerts a significant effect on vegetation in temperate and
cold regions, while precipitation exerts a significant effect on vegetation in arid and semi-arid regions
or areas with obvious differences between dry and wet seasons. In terms of the impact of meteorological
disasters on vegetation, researchers mainly focus on the impact of drought (Li et al., 2019; Liu et al.,
2021; Zhao et al., 2015; Orimoloye et al., 2021; Ali et al., 2024).
Vegetation responds sensitively to the changes in precipitation and air temperature (4hmad et al., 2023). 5
espeeially—iln the karst region, air temperature and precipitation are important meteorological factors
affecting the growth of vegetation-in-theregion, and it has been found that the response of vegetation
NDVI to precipitation is significantly higher than that of air temperature (Wei et al., 2013). In the context
of climate change, the frequency and intensity of meteorological disasters have increased significantly
(Zhu and Xiong 2018; Maryono et al., 2023; Putri, 2021), and rainfall, a—mete ical-element; is
often presented in the form of torrential rainfall disasters, and it is a frequent, high and heavy situation,
which is more destructive to soil and water conservation and vegetation growth in the karst region, but
there are fewer studies on the impact of torrential rainfall on the vegetation-in-thekarstregion. In this
study, based on long-time series satellite remote sensing data and precipitation observation data in karst
areas of Guangxi, three vegetation remote sensing parameters of normalized difference vegetation index
(NDVI), fractional vegetation cover (FVC) and net primary productivity (NPP) and five levels of rainfall
(]moderate rain, heavy rain, rainstorm, heavy rainstorm and extremely heavy rainstorm) were inverted
and calculated, and the temporal and spatial distribution characteristics of effects of different levels of
rainfall on vegetation in the study area-region were analyzed. At the same time, the differences in the
effects of different levels of rainfall on different forest species were studied to provide a scientific basis
for the assessment of impact of rainstorm and vegetation protection and restoration in karst areas.

Materials and Methods

Overview of the study area

The Guangxi Autonomous Region is situated in the southeastern part of southern China, with a latitude
range of 20°54'-36°20' north and a longitude range of 104°28'-112°04' east. This area, situated to the
west of the Yun-Gui Plateau, features intricate topography primarily characterized by mountains and
hills. Karst landforms are prevalent throughout the region, encompassing 40.9% of the total land area.
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The vegetation in Guangxi Province exhibits a remarkable diversity, with shrub forests being the most
widespread (63.40%), followed by broad-leaved forests (17.20%), and bamboo forests being the least
prevalent (0.88%). The distribution of various forest species in the study area is shown in Fig. /.

Data

The-data—of-dDaily temperature and precipitation data from 69 meteorological stations spanning the

period from during-1961-2020, provided by the which—were—provided-by-Guangxi Meteorological

Information Center, was-were used to calculate rainstorm disaster indicators-ef+ainstorm (Table 1).

[Satellite remote sensing data were obtained from the MODIS (Moderate-resehition-Resolution imaging
Imaging speetreSpectro-radiometer) product MOD13Q1 (MODIS/Terra Vegetation Indices 16-Day L3
lobal 250 m SIN Grld), Qrov1ded by the National Aeronautlc@ and Space Administration 1NASA)

&%get&ﬂeﬂ—héees—ké—Da—y—Ié—@ebal—Zé@m—SLN—Gﬂd)—a—Thm dataset features a spatlal Q—SoQ—m—spaﬂ-al

resolution of 250 m and a temporal resolution of 16 d, offering high-quality #nterval-synthesized tie-high
time-series phas%data The data used corresponds to version V006 and covers the period from 2000 to
2021.

dﬁ%a—hm%peﬂed—z%g—ZO%PThe MOD13Q1 remote sensing dataset of Guangx1 Karst region was

preprocessed through a series of steps, chludmg} band extraction, sesaieirgmosaicking, projection

transformation, region extraction, and data format conversion;—ete-). This process resulted in a high-

Comentado [PI5]: It is important information that should not
be in parentheses.

quality NDVI —te—ebtain—the NDVI-dataset, which was th—relable—quality—and—menthly—further
synthesized on a te-ebtain-the-monthly basis to create a monthly NDVI dataset. Additionally, the —and
to-find-the-yearly average NDVI values were calculated from this dataset)

Geographic information data ineladeincludes Digital Elevation Model (DEM) data of Guangxi,
administrative boundaries of cities and counties in Guangxi, latitude and longitude coordinates of
meteorological stations in Guangxi, vector boundaries of formative-Guangxi-karst areas, and data on
the distribution of forest species within thein—_ Guangxi karst areas.

Methods

Fhroush-theuse-ofUsing terrestrial ecosystem carbon budget (TEC) models, it-is-pessible-to-ecompute
the net primary productivity (NPP) can be calculated— (Chen et al., 2023). The formulas are as follows:

Comentado [PI16]: Reorganizing information. Related ideas
were grouped together to avoid repetition and improve
clarity.

Eliminating redundancies

Correcting terms, improving flow. Connectors such as "This
dataset features" and "offering" were added to improve the
cohesion of the text.

NPP;; = GPP;; — R;; 1)

GPP;; = &;; X FPAR X PAR;; ?2)

NPP; = }7_; NPP; 3)

In-theformulas—Where, NPP;, GPP; and R; (gC-m™) are respectively net primary productivity, total

primary productivity and respiratory consumption of Vegetatlon in the j month of the i year;
£;;(gC-MJ") is the actual utilization rate of light energy in the " month of the i year, reflecting the

influence of temperature, water and other factors on photosynthesis; FPAR is the proportion of
photosynthetic active radiation absorbed by vegetation; PAR; (MJ-m) is the incident photosynthetic
active radiation in the /" month of the i" year; NPP; (gC-m) is the net primary productivity of vegetation
in the i year;  is the total number of months in a year, n=12.
Based on Aeeording-to-the image element linear decomposition model, the-vegetation cover is estimated
byuusmg NDVI, and the pixel image-element-dichotomy method, i.e., the NDVI value of each imase
pixelelement can be expressed as a combination of the-infermation-centributedcontributions from —by
thvtwo components: parts-of-the-vegetation cover and the-non-vegetation cover. This relationship is
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quantified through ;which-eanbe-computed-by-thea transformation of the vegetation cover fraction [[32], ]
FVC can be calculated as follows:

FVC;; = (NDVI;; — NDVI,)/(NDVI, — NDVI) )

1 n
FVC, = ;Z' VG )
]=

Ia-theformulasWhere, FVC;;(%) is the vegetation cover in the /® month of the i year; NDVI;;is the
NDVI in the /* month of the i year; NDVI; and NDVI, are the NDVI of full soil cover and like meta-
vegetation full coverage, respectively, namely NDVI=0.05, and NDVIL,=0.95, which is set based on the
characteristics of vegetation in China; FVC; is the vegetation cover in the i year. According to this
formula, when NDVI < 0.05, vegetation cover is negative, and there is no vegetation in the area.

This study wtilizes-employs Pearson’s correlation analysis to examine the method-te-investicate-the
relationship between remotely sensed indicators (such as FVC and NPP) ef-for different vegetation types
with-under varying rainfall conditions levels-ofrainfall (Chen et al., 2023). The calculation formula is
as follows:

R = S =B i=Y)
jz?=1(xi—f>22?=1(yi—7>2

(6)

In-thefermulaWhere, R is the correlation coefficient of variables x and y; x; is the vegetation remote
sensing parameters in the i year; X is the mean of multi-year vegetation remote sensing parameters;
y; is the rainfall in the /" year; ¥ is the mean of multi-year rainfall. The value range of correlation
coefficient R is [-1, 1]. The larger the R is, the stronger the correlation between variables is.
SignifieaneeThe significance test was conducted by t[statisticL

Results and Discussions

Responses of vegetation remote sensing parameters to different levels of rainfall
Fractional vegetation cover (FVC)

The average absolute values of correlation coefficients between FVC and the differentdifferent rainfall
levels efrainfatt-(extremely heavy rainstorm, heavy rainstorm, rainstorm, heavy rain and moderate rain)
were 0.24, 0.19, 0.17, 0.17 and 0.19, respectively. Overall, —and-therethese results —was-generally—a
indicate a weak correlation (including, R and P values). The negative correlation areas accounted for
63.0%, 61.3%, 39.8%, 41.1% and 44.50%, of which there was a significant negative correlation in
23.3%, 1.58%, 0.61%, 1.16% and 1.00% of the areas (p<0.05). FVC was mostly negatively correlated
with extremely heavy rainstermrainstorms and heavy rainstormrainstorms (including R and P values),
and mainly positively correlated with heavy rain and moderate rain_(including R and P values). The
correlations between FVC and differentlevels-ofrainfall levels bx/ere significantly different in space]. By
analyzing the regional distribution characteristics of the negative correlation between FVC and rainfall,
it was found is-found-that the high-value areas varied by rainfall intensity. Specifically, ofthe negative
correlation between FVC and extremely heavy rainstorms was predominantly concentrated in srainty
distributedin-, the-southwest-while for and-heavy rainstorm, it was eeneentratedin-mainly observed in
the central region. In contrast, the correlations for rainstorms and moderate rain exhibited similar
pattcms prlmarlly appearing in thc southwwt north and locallzcd areas of the northeast.the-middle;

ﬂei—t-he&s{] Moreover, the dlstrlbutlon range of heavy rain was shghtly larger than %hat—ef—ralnstorms
Moderate rain was primarily concentrated in mainty-distributed-intoeallocalized areas of the north, with

a_—and-the-distribution-was-alse-scattered_distribution pattern (Fig. 2). The analysis revealed that s
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found-that FVC—_exhibited had-the strongest correlation with extremely heavy rainstorm), and extremely
heavy rainstorm which also had the most pronounced had-the—most-ebvieus—negative impact on
vegetation im—within the study area. Both Eextremely heavy rainstermrainstorms and heavy

rainstormrainstorms negatively affected a wide range of areasregions. When rainfall levels increased
changed-from rainstorm to heavy rainstorm and from heavy rainstorm to extremely heavy rainstorm, the

correlation between FVC and rainfall underwent significant changes. had-a-greatchange.— Notably, and
eventhere was_even a shift between positive and negative eesrelationcorrelations in some regions,

Net primary productivity (NPP)

In the study area, the absolute values of correlation coefficients (R) between vegetation NPP and
different levels-efrainfall levels (extremely heavy rainstorm, heavy rainstorm, rainstorm, heavy rain and
moderate rain) bvere 0.23,0.19,0.22,0.21 and 0.27, respectively. [Overall, these values indicate and-there

was-generally a weak correlation. The proportion of areas exhibiting a negative correlation areas-was
40.7%, 21.1%, 7.45%, 7.28% and 1.69%, respectively. Among these, ameng—which—the-negative
correlation was significant (»<0.05) in 0.44%, 0.29%, 0.01%, 0% and 0% of the areas. {p<6-65)-In
the study area, NPP was mainly positively correlated with different rainfalls levels-ef+ainfall. However, 5
but-the negative correlation areas of extremely heavy rainstermrainstorms were relatively wide, though
their but-the-proportion did not was—ne-mere-thanexceed —50%. Notably. tFhere_were clear —was-an
obvieus-spatial differences in the correlation between NPP and different rainfalls levels-of+ainfall. The
high-value areas of-the negative correlation between NPP and extremely heavy rainsterm-wasrainstorms
were distributed in the central and north-central pastsregions of the study area. For -and-heavy rainstorm
wasrainstorms, these areas were —concentrated in the south-central and north-eastern regions. parts-of
the-study-area;-while rainstorms, they —appeared in a few localized areas of parts-ef-the south-central
partsregion. Heavy rain was distributed in the east-central and north-eastern zones parts-of the study
area, while and-the negative correlation areas of moderate rain were scattered across in-the north,
southwest, and east (Fig. 3). The analysis revealed H-isfound-that the correlation between NPP and
moderate rain was the largeststrongest, with ;and-moderate rain exhibiting had-almost entirely —alt
positive effects on vegetation across #n-the study area. In contrast, tThe negative effects of extremely
heavy rainstermrainstorms svas-were the most ebvieuspronounced. The negative-effeet-areas showing
negative effects of different rainfalls levels ef—+ainfall-on vegetation NPP were concentrated
predominantly concentrated in the central region area-ofof the study area.

Responses of various forest species to different levels of rainfall
The responses of FVC efin different forest vegetation types forestspeeies-to different-varying levels of
rainfall were significantly different (Fig. 4). In general, with the inerease-ofas rainfall levels increased,

the negative correlation between FVC and —efdifferentforestspeeies-andrainfall also increased. This
was particularly evident Espeeialbywhen rainfall rainfall levels changed from heavy rainstorms to
extremely heavy rainstorms, where the correlation between FVC and rainfall increased significantly.
However, the effects of different rainfalls levels on NDVI efrainfal-had-various-effects-on NDV-varied
across ef-different forest speeiesvegetation. For extremely heavy rainstorm, the effects were most
pronounced in ea-broad-leaved forest (-0.42) and bamboo forest (-0.40), —were—ebvieus—while the
impact on it-had-a-smat-effeet-en-eucalyptus (-0.26) and Chinese fir (-0.27) was relatively small. For
heavy rainstermrainstorms, the effects on most difference-of-other-forest vegetation types speeies-were
was-not significant, except for bamboo forest (-0.13). In the case of Fer-rainstorm, it-had-an-ebvieus
effeet-on-Chinese fir (-0.20) showed a notable response, while and-a-smalleffeet-on-cucalyptus (-0.12)
was less affected. }-For heavy rain and moderate rain, the responses of different forest types speeies
were consistent: —thatis—theeffeets-on-economic forest (-0.19) and broad-leaved forest (-0.18) were
obvieus;exhibited stronger effects, while —while-the-effeet-on-eucalyptus (-0.11, and -0.12) showed
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minimal impactwas-smah.

The responses of NPP of different forest vegetation types forestspeeies—to differentlevelsefvarying
rainfall levels were-also showed significanttly differentdifferences. Overall, with—the—inerease—ofas
rainfall levels increased, the negative correlation between NPP and efdifferent-forestspeeies-andrainfall
increased.J,—and the correlation between NPP and rainfall increased more significantly as rainfall level
changed from heavy rainstorm to extremely heavy rainstorm. The effects of different levels of rainfall
on NPP of different forest species were not consistent. [For extremely heavy rainstormrainstorms, the

impact on_effeet-on—eucalyptus forests (-0.21) waswere pbvieuknotable, while but-the effects on

economic ferestforests and broad-leaved forestforests (-0.13) were relatively small. Heavy
ratnstormrainstorms had a_s-ebvieusmore pronounced effect on —effeet-en-pine forests (-0.14) and a
smath-lesser effect on eucalyptus_forests (-0.09). In the case of Fer+ainstermrainstorms, the-effeet-on
broad-leaved forest (-0.11) showed a stronger response, was-big-while that-en-eucalyptus _forests (-0.07)
were less affected-was-small. For heavy rain and moderate rain, the sensitivity of different forest species

vegetation was basieally-the-sameconsistent.
[In conclusion], the comparison of different remote sensing parameters of vegetation shows that there was

a weak correlation between varying differentlevels—efrainfalls levels and three vegetation remote
sensing parameters ef-vegetation. Among these, and-the negative correlation was highest with NDVI,

was-the-highest—followed by FVC, and lowest with while-the-negativecorrelation—with- NPP-was-the
lowest. Across Ameng-different rainfalls levels-efrainfall, the negative effeeteffects of extremely heavy
ratnstormrainstorms waswere the most ebvieuspronounced, followed by heavy rainstermrainstorms. In
contrast, sthe effects —whitethatof rainstermrainstorms, heavy rain, and moderate rain were was-weaker
and showed kad-little difference. Among different forest speetesvegetation type, the negative effects of
different-varying levels-efrainfall levels on NDVI and FVC were more pronounced in ef-economic
forest and broad-leaved forest, while the impact —were—more—obvious,—and-the negative—effeet-on
eucalyptus forest was small. However, while-there-was-no-big-difference-in-the negative effects on NPP
showed minimal differences across forest vegetation typeef-differentforest-speeies.

There was a certain difference in the negative impact areas of different evels-efrainfalls levels —on
FVC of various forest speeies-vegetation types (Fig. 5). As rainfalls level increased ehanged-from
rainstorm to heavy rainstorm, the proportion of negatively impact areaarcas foref—_different forest
speeies-vegetation types rose ebvieusty. However, this trend ehange was less notebviousin-the-changing
proeess—of-othertevels—efpronounced during other transitions of rainfall, such as —rainfaltfrom
moderate rain to heavy rain, heavy rain to rainstorm, and heavy rainstorm to extremely heavy rainstorm.
The average negative impact area across ef-differentlevels-ofrainfall-en-all forest speeies-vegetation
types due to different rainfalls levels ranged from aeceunted—for 45%-61%-. In terms of severity.on
average; the negative impact followed this hierarchy: namely heavy rainstorm > extremely heavy
rainstorm > moderate rain > heavy rain > rainstorm. During Ferextremely heavy rainstorm, the negative
impact was greater on area-ef-eucalyptus (69%) and broad-leaved forests (66%) compared to was-larger
than-that-efChinese fir forest (48%). For heavy ratnstormrainstorms, that-efbroad-leaved forest (66%)
experienced a higher impact than waslargerthan-that-ef-eucalyptus (57%) and bamboo forests (58%).

UnderEer rainstorm_conditions, that-ef-Chinese fir forest (61%) showed a greater wastargerthan-that
efnegative impact than bamboo_forests (26%). In the case of Eer-heavy rain, that-ef-economic forests
(71%) were more affected wastargerthan thatefeucalyptus forests (18%). Finally, Eerunder moderate
rain, both thatefeconomic ferest(58%) and Chinese fir forests (56%) experienced a greater impact than
was-larserthanthatefeucalyptus forests (39%).

The areas negative impacted-areas-of by different levels-efrainfalls level on NPP varied across efvarieus
forest vegetation type speeies-had-a-ecertain-difference. In general, as with-the-change-ofrainfall levels
increased from moderate rain to heavy rainstorm, there-was-an-ebvieusinerease-in-the proportion of
negative impacted area for most ef different-forest vegetation type rose significantly. speeies-However.
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but-the proportion of negatively impacted areas foref economic ferest, Chinese fir and pine forests
decreases deelinedwith-thechange-ofwhen rainfall levels shifted from heavy rainfalls frem-heavyrain
to rainstorm. On average, Fthe negatively impacted areas for all-ef-differentlevels-efranfall-enall
forest speeies-vegetation types ranged from aeceuntedfor 2%-39%-on—average, following the order:
namely-extremely heavy rainstorm > heavy rainstorm > rainstorm > heavy rain > moderate rain. For
extremely heavy rainstorms, the negative impact area of eucalyptus (62%) was larger than that of
economic forest (20%). Similarly, Efor heavy rainstermrainstorms, that-efof the impacted area of
bamboo forest (45%) exceeded wastargerthan-that of broad-leaved forest (17%) and economic forest
(14%). For rainstorm, the negative impacted area that-efof bamboo forests (26%) was larger than that
of pine forests (3%), Eeonemie—cconomic forest (2%) and Chinese fir forest (1%). For heavy and
moderate rain, the negatively impacted areas across —ef-different-forest vegetation types speetes-were
relatively was-small, with and-the-proportion ranging ed-from 3% to 9% for heavy rain and from 1% to
3% for moderate rain.

[In summary, fem-the comparison of different remote sensing vegetation parameters efvesetation

revealed significant differences itisfound-that there-was-alarge-differenee-in the proportion of negative
impacted —areas across varying between-differentlevels-efrainfall levels and three vegetation remote

sensing-parameters-of vegetation. The proportion of negatively affected areaarcas of for FVC was 53%,
while :the-propertion-ofnegatively-affected-area-offor NPP, it was smaller, with-an—_averaginge-of 16%.
[For FVC, heavy rainfall had the largest proportion of negative impacted areas, followed by-heavy—and
moderate rainfall, while the proportions for heavy and heaw=moderate rainfall had-were the smallest

and relatively similar. —pfepemeﬂ—ef—ﬁegaﬂ*em%paet—afea—l In contrast, Efor NPP, the amount of rainfall

was proportional to the size of the impacted area—efimpaet. Regarding forests vegetation type, the

proportions EerEVC-the-propertion of negatively impacted areaareas for FVC waswere higher for-in
economic and broad-leavedleaf forests butand lower in fer-eucalyptus and bamboo forests. Conversely,

Efor NPP, the proportion were ef higher negatively-affected-area-was-higherfor-eucalyptus and bamboo
forests; and lower for-in economic and broad-leaved forests.

Discussion

GenerallyspeakingareasAreas with sparse vegetation have poor water and soil retention abilitycapacity,
making them more susceptible and-heavy—rainfallis—not-conducive—to—vegetation—growth—but—will

aggravateto soil and water loss during heavy rainfall events, which can further hinder vegetation growth
(Chen et al., 2015; Block and Richter, 2000). In this study, it is-was found that the-vegetation in the

northeast, northwest and southeast of the study area exhibited a-had-an-ebvieus significant negative
correlation with moderate rain and heavy rain. This suggests that Thatis-te-say—nin the ecologically
sensitive and fragile karst areas, moderate #ain-and heavy rain may also have an ebvieus-notable impact
on vegetation, in addition to the effects —exeeptforethertevels-of higher rainfall levels such as-abeve
rainstormrainstorms. Rainfall in the karst areas of Guangxi is sainky-primarily concentrated in spring
and summer. -and-the-spaeial The spatial distribution of high-value areas effor annual extremely heavy
rainstorms, heavy rainstorm, —and rainstorms showed significant had-sreat-similarity, as did and-that
ofthe high-value areas for ef-annual moderate—+ain and heavy rain. —alse—had-great-similarity—The
northeast region (Guilin City) and the central and western region (Hechi City) of the study area were

identified as the main rainstorm centers and rainfall concentration areas-regions (Fig. 6) (Huang et al.,
2012). The spatio-temporal distribution of areas highly sensitive to vegetation responses—areas—of
vegetation—_to extremely heavy rainstorm, heavy rainstorm, and rainstorms in the study area was
stenifieantly-different-differed significantly from that of areasregions with frequent rainstorm (the center
and southwest). This indicates that, in addition indicating—that—apart—frem—theto spatio-temporal
differences in precipitation (Sun et al. 2021), other factors such as variations the-differenees-in bedrock
exposure rate across i—vartous—karst areas (Chen et al, 2018) —and the complex composition of
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vegetation types (Pan et al., 2021). —are also key contributors to the pronounced impertantreasonsfor
thelarge-spatio-temporal heterogeneity of vegetation responses to preeipitation-rainfalls in these regions.
heareas:

Conclusion

The results of this study suggest papershow-that extremely extraerdinarilty heavy rainfall has the most
ebvieus-pronounced negative impacts on different-the remotely sensed vegetation indices (FVC and
NPP) in the Guangxi karst region. Among the two remetely-—sensed—vegetation-indices, the negative
effects of varying differentlevels-ofrainfall levels —on FVC waswere significantly greater than that-ef
those on NPP. The effeetseffects of different rainfall amounts on the two remotely sensed vegetation
indices showed significant spatial differences, as well as substantial variations in their impacts large
differences-in-the-effeets-on different tree species in the study area. Notably, ;-with-senerallylarser-the
negative effects on%he FVC_were %ncmllv greater s—of-for economic and broad-leavedieaf forests.

Additionally. “rainfall has a lag effect on vegetation, which was not addressed
in Hekaddressed—%thls study but paper-and-will be explored in future studiesresearch.

Due to geographical and speeies-forest vegetation differences, targeted vegetation protection is efgreat
impertaneecrucial, particularly espeetally-in areas with aef high incidence of extremely heavy rainfall
and in areasregions dominated byef economic and broad-leaved forests.
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Figure Captions
Figure 1 Distribution of forest species and meteorological stations in the study area

Figure 2 Spatial distribution of correlation between FVC and different levels of rainfall in karst areas of Guangxi
(a) Extremely heavy rainstorm; (b) Heavy rainstorm; (c) Rainstorm (d) Heavy rain (e) Moderate rain

Figure 3 Spatial distribution of correlation between vegetation NPP and different levels of rainfall in karst areas
of Guangxi

(a) Extremely heavy rainstorm; (b) Heavy rainstorm; (c) Rainstorm; (d) Heavy rain; (e) Moderate rain

Figure 4 Negative correlation between various forest species and different levels of rainfall in the study area
Figure 5 Proportion of the negative correlation between different forest species and different levels of rainfall in
the study area

Figure 6 Spatial distribution of different levels of rainfall in the study area

(a) Extremely heavy rainstorm; (b) Heavy rainstorm; (c) Rainstorm; (d) Heavy rain; (e) Moderate rain

Table Captions

Table 1 Indicators of rainstorm levels



