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Motivation
= In the monitoring of the surface soil moisture
by optical remote sensing:

= A more reliable index to estimate the surface
soil moisture;

= First validation of the new soil moisture
index;

= Estimation of the spatial distribution of
surface soil moisture;

Source: https://campus.usal.es/~hidrus/infraestructura.php#

Lan & Paffenholz (03-2023) Use of optical remote sensing data for soil moisture monitoring
Institute of Geo-Engineering
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Outline

= Study area & data

= Methodology

= Validation and regression based on in-situ measurement
= Spatial distribution of soil moisture

= Conclusion & outlook

Lan & Paffenholz (03-2023) Use of optical remote sensing data for soil moisture monitoring
Institute of Geo-Engineering
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Study area & data

= Study area: Guarena river basin, REMEDHUS
Soil Moisture Measurement Stations, Spain

= Average Precipitation (August): 10~15mm

= Average Precipitation (November):
40~45mm;

= Data:
= Landsat-8 OLI&TIRS (In the table);
= EU-DEM data from Copernicus Land

Resolution(OLI) Resolution(TIRS)

Monitoring Service; 15-08-2021 100m
19-11-2021 30m 100m
Lan & Paffenholz (03-2023) Use of optical remote sensing data for soil moisture monitoring
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Methodology

imporoved-Temperature-
Soil Moisture Dryness
Index (iITMDI)

Normalized Difference
Latent Heat Index {NDLI)

DEM-corrected Land
Surface Temperature
(LST)

Landsat-8 OLI

Split-Window
Algorithm (SWA)

In-situ
measurement
Landsat-& TIRS

Digital Elevation
Model (DEM)

imporoved-Temperature-
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NDLI =

P3 — P4

p3 + ps + ps

= p;3 corresponds to the reflectance of green bands (0.53—0.59 pym)

= p, corresponds to the reflectance of red bands (0.64—0.67 um)

= ps corresponds to the near-infrared bands (0.85—-0.88 um)

[NDLT
Date: 15/08/2021

A

Spain_data_0815
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Methodology

imporoved-Temperature-
Soil Moisture Dryness
Index (ITMDI)

Normalized Difference NDLI-LST
triangle space

Latent Heat Index {NDLI)

DEM-corrected Land
Surface Temperature
(LST)

Split-Window
Algorithm (SWA)

Landsat-8 OLI In-situ
measurement

Landsat-8 TIRS

Digital Elevation
Model (DEM)

imporoved-Temperature-

N lized Differenc . NDVILST
Ve::ina:il_:: lndlexptr:llll;vel) > triangle space Veuelﬂlltl:&rgﬂess Index
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DEM-Corrected LST

Ts =Ag+ ATy — AT,

= Tsisland surface temperature
= T,0and Ty, are the brightness temperature of the band 10 and band 11(TIRS)

= Ay, A, A, are calculated from land surface emissivity (LSE) and atmospheric transmittance
(Rozenstein et al. 2014)

T(H) = T, +a-H
= T(H) is DEM-Corrected land surface temperature
= ais Elevation correction coefficient (0.006)
= H is Elevation (Wee et al. 2009)

Lan & Paffenholz (03-2023) Use of optical remote sensing data for soil moisture monitoring
Institute of Geo-Engineering
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DEM-Corrected LST

LST
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Methodology

Normalired Difference

Latent Heat index (NDLI)

Landsat-8 TIRS [

MNormalized Difference

DEM-corrected Land
Surface Termpaerature
(LST)
Correct
Digatal Elevation
Model (DEM)

Vegetation Index (NOVI)

Lan & Paffenholz (03-2023)
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Vegetation Dryness Index
(iTVIDI)

imporoved- Temperabure-
Soil Moisture Dryness
Imdex (TTMIDN)

imporoved-Temperature

Use of optical remote sensing data for soil moisture monitoring
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(LSTmax_LSTmin)

(1)

LST,,.x= a4 + by - NDLI (Dry edge) (2)
LSTyin=a, + b, - NDLI (Wet edge) (3)

ITMDI

on /7

Dry edge: LST,,,, = 335.1504 -

'\_ Wet edge: LST i,

74.3993 - NDLI R?=0.99

=269.0430 + 119.5819 - NDLI R2=0.66 250

240 -

250
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a4, by, a, and b, are the coefficients of dry edge and wet edge fitting equation (Le et al. 2021)
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Max evaporation
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iTMDI — Results for August and November 2021
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Raster Histogram
1900

iTMDI — Results for August and November 2021
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Methodology

Normalized Difference

Latent Heat Index (NDLI)

Landsat-8 OLI

Split-Window
Algorithm (SWA)

Digital Elevation
Model (DEM)

Landsat-8 TIRS

Normalized Difference

DEM-comrected Land
Surface Temperature
(LST)

Vegetation index (NDVI)
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imporoved-Temperature-
Soil Moisture Dryness
Index (iTMDI)
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Validation and regression based on in-situ measurement -

Guarena river basin

440000.000

Lan & Paffenholz (03-2023)
Institute of Geo-Engineering

Soil moisture stations ¥ SRR
Las_Brozas Sand(%):82.25 §
“ 7. Las_Victorias Sand(%):87.09 3 3
X ACasa_Penles Sand(%):81.64 ~
Las_Arenas Sand(%):67.19 A g :
- TR ; A El Coto Sand(%):89.81 ~— - A
- : EI_TomﬂIar Sand(%) 85,1‘ - ALas_{Vacas Sand(%):78.84 3
Granja_G Sand{(%):74.36
5 ‘Las_Tres,Rayas Sand(%):75.11 - ‘La‘Cruz‘deAElias Sand(%):49.83 =
LY A h
Zamarrom Sand(%):81 52A - ..Carrc!orolSand("/&).g'l.ls e :
ko ~ _Canizal Sand(%’)«- .
Las_Bodegas Sand(%):70 36‘ A Stations
) — A Soil moisture station
‘ OpenStreetMap
% = . =
iz i 1o
~ ¢ | e ¥ g L 15 km §
- = 2 ~
) R
480000.000

Use of optical remote sensing data for soil moisture monitoring

15



m TU Clausthal

Clausthal University of Technology

Validation and regression based on in-situ measurement

Correlation analysis on 15/08/2021(iTMDI)

o
N

regent

Canizal station value

o
o

In-situ measu

o

Correlation analysis on 19/11/2021(iTMDI)

o
o
L8]

+ Station
r | Regression line (y = -0.58"x + 0.47)
__,,@ RMSE: 0.03 | RZ 0.77 |
*
*
N
0.5 0.6 0.7 0.8 0.9

iTMDI

0.3

k

ukement
o
[N}
*

Canizal station value

In-situ meas
(=]
=

(=]

+ Station
—Regression line (y = -1.27"x + 0.99)

RMSE: 0.06 | R 0.56

0.65 0.7 0.75 0.8
iTMDI

Lan & Paffenholz (03-2023)
Institute of Geo-Engineering

Correlation analysis on 15/08/2021(iTVDI)
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Methodology

Normalized Difference
Latent Heat Index (NDLI)

imporoved-Temperature-
Soil Moisture Dryness
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Landsat-8 OLI Split-Window
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Spatial distribution of surface soil moisture
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Conclusion

= According to the result of the regression and validation, the new
index iTMDI can be used to estimate the surface soil moisture;

= iTMDI can performance better than iTVDI in the estimation of the
surface soil moisture;

= In the regression and validation, R? was not perfect because of
scaling effects in the iTMDI index retrieved from satellite images;

Lan & Paffenholz (03-2023) Use of optical remote sensing data for soil moisture monitoring
Institute of Geo-Engineering
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Outlook

= Combine with SAR Backscattering Ratio Method to get more accurate soil
moisture result;

= Soil moiture is very low in Guarena river basin, in the future select the
region with higher soil moisture variability — More accurate iTMDI
classification ranges;

= The accuracy of the index iTMDI still needs to be improved;

= The land use and land cover classification should be improved in the
future, the bare soil and built-up area could not be correctly classified;

Lan & Paffenholz (03-2023) Use of optical remote sensing data for soil moisture monitoring
Institute of Geo-Engineering
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Other research validation and regression based on in-situ measurement

Correlation analysis between TVDI and soil moisture
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(Cheng et al. 2023)
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Soil Moisture(%)

Fit between the calculated TVDI and the soil moisture.
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Other research validation and regression based on in-situ measurement

The correlation coefficients between 0 and 10 cm soil moisture and two TVDIs in different subregions

Subregion 1 2 3 4 5 6 7
TVDInowi -0.81 -0.15 -0.52 -033 - 065 -0.12 -0.79
TVDlgy, -0.82 -0.026 -043 -0.13 -0.56 -0.10 -079

(Zhao et al. 2021)

Regression model of soil moisture estimation in the transition zone from the Chengdu Plain region to the Longmen Mountains

Regression model Correlation coefficient i P

y=—1.1249TVDI+1.1509 0.710 0.5043 0.000

(Peng et al. 2020)

Lan & Paffenholz (03-2023) Use of optical remote sensing data for soil moisture monitoring
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Other research validation and regression based on in-situ measurement

Linear correlation between the VDI, the TVDI, the iTVDI, and soil moisture content measured at depth of 0—5 cm in August 2008.

Lan & Paffenholz (03-2023)
Institute of Geo-Engineering
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