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Table 1 Quantitative remote sensing study on vegetation individual and population scale ecological parameters in karst area

s D K 1o > 2 Spen
sH o Tt ik fi B Rz
Parameters cmote sensing Methods Advantages Disadvantages epresentative
data sources references
Leaf chlorophyll Field hyperspectrum  Spectral index Leaf biochemical param- Need a large amount [47,48]
Leaf C: N: P Backpropagation neural net- eters can be rapidly and of investigation data
work accurately estimated for validation
General regression neural net-
work
Image of leaf Field hyperspectrum  Photochemical Reflectance In-  Can obtain high spatial Easy impacted by opti- [49]
spectrum dex (PRD resolution hyperspectral cal source
Self-developed field imaging image of leaf
spectrometer system
Leaf spectrum Field hyperspectrum  Boltzmann machine High accuracy in classifi-  Hard to understand [52]
cation
Leaf spectrum Field hyperspectrum  Canonical Correspondence Rapidly estimated Subjectively [50]
Analysis (CCA)
Leaf traits Field hyperspectrum PRI Can explore the ecologi- Need a large amount [51]
Principal Component Analysis cal strategies and habitat  of investigation data
(PCA) affiliation of species for validation
Species of crops Unmanned Aerial Spectral index OTSU thresh-  Easy for estimation Easily influenced by [55]

Vehicle (UAV) re-
mote sensing image-
ry

old segmentation method

field backgrounds
information
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Continued table
S R . i o fLsE
Parameters emote sensing Methods Advantages Disadvantages epresentative
data sources references
Species of crops Unmanned Aerial Spectral index High accuracy Easily influenced by [56]
Vehicle (UAV) re- Gaussian High-Pass Filter field backgrounds
mote sensing image- (GHPF) information
ry OTSU threshold segmenta-
tion method
Leaf traits Syntheticaperture Linear regression Overcome the cloudy Lack clear physical [58,59]
Radar (SAR) image weather impacts mechanism
Leal water Sentinel-2 imagery Spectral index Easy for estimation Hard to obtain high [62]

Generalized Linear Mixed
Models (GLMMs)

Gaussian model

content

quality imagery
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Table 2 Estimation of vegetation cover and other vegetation indices with remote sensing data

2K ReLmotf{}ﬁlﬂ?ing 1k LU . R lgceiese?tii;ﬁt
Parameters o Methods Advantages Disadvantages :
data sources references
Fraction cover of Field hyperspectrum  Linear Spectral Unmixing Quickly estimate the Less accuracy in es- [65]
vegetation (LSU) fractional covers timation of exposed
Karst Rocky Desertification bedrock cover
Synthesis Index
(KRDSD
Fraction cover of Landsat image Dimidiate pixel model Easy for estimation Hard to obtain high [70,73,
vegetation MODIS image quality imagery 74,87]
Fraction cover of Landsat image Dimidiate pixel model Quickly and easily handle  Need coding [107]
vegetation MODIS image Google Earth Engine (GEE) multi- sources images in
one platform
Fraction cover of EO-1 Hyperion im- Spectral index Improve estimated accu- Hard to obtain im- [111,112]
vegetation agery Threshold segmentation racy agery
EOS Terra ASTER method
imagery
Fraction cover of EO-1 Hyperion im- Pixel unmixing Improve estimated accu- Hard to obtain im- [109,110]
vegetation agery Pixel purity index racy agery
EOS Terra ASTER Mixture tuned matched filte-
imagery ring
Lear Area Index Landsat image Regression Easy for estimation Cannot be applied u- [99]
(LAD niversally
Karst Rocky De- Landsat image Time-spectrum feature space Improve estimated accu- Hard to obtain high [108]

sertification Index

(KRDD

model

GEE

racy

quality imagery
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Table 3 Vegetation classification with remote sensing technologies

AR A ALOS Z 635U A1 TerraSAR-X £
I 4 i B 1 W BT A b X b A Bl 0 SRS R (B
896 — 136 s i FH i 4 HE % i Rl T R 1R
QuickBird™" | Worldview™ LI & & ¢ % 5 1% W
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R T POIE SN A Sl WO 2
g1 0 S 2o ] R 2 ) ik T N
FH 3 38 JE AR A 3 5 1 R 8% AT A 5E v T R
b XA B 32

SRR Iy ik s Bt Lz i
Remote sensing data Methods Advantages Disadvantages pres
references
Landsat image Linear spectral unmixing meth- Improve unmixing accu- Need pure pixel for the [115,116]
od racy for mixture pixel endmembers
Landsat image Maximum likelihood classifier Easy for estimation Hard to obtain high quality [117-119]

imagery
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Continued table
SRR I Irik s B Lz ik
Remote sensing data Methods Advantages Disadvantages pre:
references
Landsat image Object oriented method Improve accuracy in clas-  Hard to obtain high quality [120]
sification imagery
Landsat image Back - propagation neural net- Improve accuracy in clas- Need a large amount of tes- [121]
work model sification tified data for validation
Sentinel-1 SAR image Convolutional Neural Network Improve accuracy in clas-  Complicated in estimation [122]
(CNN) sification
Recursive Neural Network
(RNN)
ALOS AVNIR multispectral Decision tree Improve accuracy in clas-  Need a large amount of [131]
image sification training data for calibration
Terrasar-X SAR image
ALOS AVNIR multispectral Support Vector Machine (SVM)  Improve accuracy in clas-  Need synchronization [123]
image sification
Terrasar-X SAR image
Worldview image Object oriented method Improve accuracy in clas-  High cost in obtaining ima- [125]
sification ges
QuickBird image CNN Improve accuracy in clas-  Hard to understand [124]
SVM sification
EO-1 Hyperion image Spectral index Improve accuracy in clas-  Need pre-processing [126]
ASTER multispectral image Spectral mixture analysis sification
China-Brazil Earth Resources Spectral index Improve accuracy in clas-  Need a large amount of [128]
Satellite (CBERS)-02B image Decision tree sification training data for calibration
UAYV image Object oriented method Improve accuracy in clas-  Need pre-processing [129]
sification
UAYV image Object-based Random Forest Improve accuracy in clas-  Need pre-processing [130]
(RF)-Decision Tree (DT) sification Complicated in estimation
SegNet algorithm
UAYV image RF Improve accuracy in clas-  Need a large amount of [132]

Sentinel-1 and Sentinel-2 images sification training data for calibration
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Table 4 Estimation of ecosystem services and its functions with remote sensing technologies

b RE & Al W 3 47 M X NPP, Net Ecosystem Pro-
ductivity (NEP) ™10 5 5 51 HBr 19 2 80k i#F CA-
SA 155 1Y RG] 5 A A7 b A% S50 S0 R b X A B NPP, 3 5

. 1 e e § § LEKS R
Hihr S I Iy ik o Bl fLrZ s i
Index Remote sensing data Methods Advantages Disadvantages pres
references
Plant diversity Landsat image Spectral index Easy for estimation Need a large amount [133]
Regression analysis of investigation data
Carbon sequestra- Landsat image Carnegie- Ames - Stan-  Rapidly estimate carbon se-  Rely on the spatial res- [136-139]
tion MODIS image ford Approach questration and carbon den-  olution of remote sens-
(CASA) sity ing images
Gross Primary Pro- Landsat image Pro-  Spectral index Easy for estimation Cannot be applied uni-  [140]
duction (GPP) ba-V platform prod- Regression versally
Net Ecosystem Ex- ucts
change (NEE)
Gross Primary Pro- MODIS image Light Use Efficiency Easy for estimation Cannot be applied uni-  [141,145]
duction (GPP) (LUE) model versally
Net Ecosystem Ex-
change (NEE)
Gross Primary Pro- Landsat image Modified CASA Improve accuracy in esti- Rely on the quality of [147,148]
duction (GPP) SPOT NDVI mation images
Net Ecosystem Ex-
change (NEE)
Gross Primary Pro- MODIS image Global Production Eff-  Improve accuracy in Too many input [149]
duction (GPP) Landsat image iciency Model-Carbon estimation parameters
Net Ecosystem Ex- Exchange between Relied on the quality
change (NEE) Vegetation, Soil and of images
Atmosphere
(GLOPEM-CEVSA)
Gross Primary Pro- MODIS image Vegetation Photosyn- Improve accuracy in Cannot be applied uni- [150,151]
duction (GPP) Landsat image thesis Model (VPM) estimation versally
Net Ecosystem Ex-
change (NEE)
Gross Primary Pro- Landsat image K-Deep Belief Net- Improve accuracy in esti- Need to consider cano-  [152]
duction (GPP) Sentinel-1A work (K-DBN) mation py density
Net Ecosystem Ex- GEE
change (NEE)
Ecosystem Health MODIS image Pressure-State-Resp- Consider human pressure Rely on the availability [153]
(ESH) index onse (PSR) framew- and quality of the in-
ork put data
Ecological environ- Landsat image Spectral index Improve accuracy in esti- Rely on the quality of [154]
ment quality Comprehensive  Eco-  mation images
logical Evaluation In-
dex (CEED model
GEE
Ecological environ- Landsat image Remote Sensing Eco- Consider greenness,wet- Rely on the quality of [155]
ment quality logical Index (RSED) ness, dryness, and heat for images
model estimation
Ecosystem stability Landsat image Spectral index Rapidly and effectively esti- Rely on the quality of [156]
GEE mate large-scale ecosystem  images
stability
Forest's resilience MODIS image Bayesian Dynamic Lin-  Can monitor large-scale Subjective in indicator [157]
ear Model (BDLM) forest resilience effectively selection
Ecosystem services Landsat image Remote sensing-based Ecosystem services can be Cannot be applied uni- [158]
evaluation system evaluated with remote versally
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Research Progress in Quantitative Remote Sensing of Vegetation
in Southwest Karst Area

YAO Yuefeng" " ,HE Wen

(Guangxi Key Laboratory of Plant Conservation and Restoration Ecology in Karst Terrain, Guangxi Institute of Botany, Guangxi

Zhuang Autonomous Region and Chinese Academy of Sciences,Guilin, Guangxi,541006,China)

Abstract: Vegetation in karst areas has higher spatial and temporal differences than non-karst areas.and plays
an extremely important role in maintaining the stability and sustainable development of fragile ecosystems.
The karst area of Southwest China is a global biodiversity hotspot, which has various vegetation types and
significant phenomenon of the same object with different spectrum/different object with the same spectrum.
In order to carry out quantitative remote sensing research on vegetation in karst areas more accurately and ef-
ficiently , from individual scale to ecosystem scale,the research progress of quantitative remote sensing of veg-
etation in karst area of Southwest China was reviewed from the aspects of data source selection and method
application,and the research directions that needed to be focused on in the next step were discussed. Quantita-
tive remote sensing research on vegetation in karst area of Southwest China mainly focuses on vegetation cov-
erage,vegetation classification,ecosystem service function and value at community and ecosystem scale. The
application of remote sensing image data is relatively single, mainly low-resolution optical images in passive
imaging (such as Landsat and MODIS). At the individual and population scales, although hyperspectral re-
mote sensing technology and UAV remote sensing,this technology is mainly applied to the study of individu-
al and population of small-scale near-ground plants,and it was difficult to expand to the regional scale. It is
urgent to carry out research on the application and advanced analysis methods of multi-source image fusion,
especially Light Detection and Ranging (LiDAR) and non-image data,as well as quantitative estimation of
vegetation biochemical parameters and accurate identification of natural vegetation species at individual and
population scales in karst areas,and quantitative remote sensing research on biodiversity and carbon cycle at
community and ecosystem scales. It is expected to provide reference for quantitative study on vegetation pat-
tern, process and ecosystem service function,vegetation restoration of fragile ecosystem and decision-making
of rocky desertification control in karst area.

Key words: vegetation condition;scale; multi-source data;quantitative remote sensing; karst landform; South-

west China
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