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Abstract:  Soil moisture is a very imporitant vanable in hydrologic cycle and exchange of matter and energy near ground
boundary. It was investigated by the means of remote sensing due to a number of reasons. In this study, under experimental
conditions, relationship between hyperspeciral data and soil surface moisture has been investigated. Cormelation between soil
surface moisture for nine soil samples and four sets of spectral data of them ( pototype reflectance, absobance, the first
order denvative of reflectance and the firstorder derivative of absobance) was analyzed. We found that it has no obvious
carrelation between soil surface moisture and prototype reflectance and absorbance for all samples, while absorbance has
higher correlation than reflectance. The first order derivative of reflectance and the first order derivative of absobhance have
the obvious correlation near wavebands 1844 nm, and the firstorder derivative of absorbance reflectance has more obvious
carrelation than the first order denvative of reflectance. We choose these bands with high square of correlation coefficient to
creat liner regression forecasting equation. Another nine soil samples were used to verify the precision of estimation
equation. Results show that the first order derivative of absotbance has the capability to estimate soil surface moisture of the
four sets of data. It shows the great potential to estimate soil suiface moisture within a laige area for different soil types.
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reflectometty, depend mainly on costly, time-consuming
and intensive labor investigation in the field or on areal

I INTRODUCTION

exirapolation of point measurements. In this way, in situ

Soil moisture is a key variable in hydrologic cycle
and exchange of matter and energy near boundary. It has
been widely used in many applications such as estimation
of soil evaporation and susceptibility to wind ewsion' " ? .
Measurement of soil surface moisture is an essential joint
in these applications. Great effort has been expended
looking for a simple and accurate way to measure soil

reliable

estimation of soil moisture, such as gravimetry, neuton

moisture.  Conventionally approaches  for

scattering,  gamma  attenuation and  time-domain
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measurements of soil moisture are sparse and each value is
only representative of a small area, frequently limiling
utilization of these methods in large areas.

Remote sensing, if achievable with adequate
accuracy and reliability, would provide truly meaningful
capability to directly estimate soil moisture covering lage
areas within a short time period. In optical remote
sensing, estimation of soil moisture was generally based
on the effect of soil surface moisture on spectral

reflectance. Already in 1925, Angstism’ s measumements
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showed a decrease in reflectance after natural soils had
been wetted by a shower! ¥ . He ascribed the reduction of
the reflected light with moisture to total internal reflections
on the water film covering the soil particles, whidh cause
a portion of the enemy to be reflected to soil itself. Curcio
and Petty'? reported that soil moisture affects soil
reflectance due to water absorption bands at 760, 970,
1190, 1450 and 1940 nm and decreases the reflectance
values throughout the entire spectra. In the laboratory,
Bowers and Hanks’ measurement demonstrated this
appearanced > . Stoner et al.'® reporied again soil
moisture decreases the reflectance of soils and affects the
shape of the spectra because of the occurrence of well-
defined water absorption bands aund 1400 nm and 1900
nm, especially for the brighter soils.

Based on the mlatiorship between spectral data and
soil surface moisture, several authors studied prediction of
soil moisture. Bowers and Smith” reporied a linear
relationship between the intensity of this absorption band
and soil water content. With near infrared data measured
in laboratory for different soil samples, Dalal and
Hemy[& predicted soil moisture by using an absorbance
and got the standard ermor of prediction of 0. 58%.
Satellite data TM band 5 has also been used to estimate
soil moisture content in northern Japar! . Although these
appioaches can be used for estimating soil surface
moisture, the wavelength with the best coeflicient of
detemination was dependent on the soil type. When these
relations were applied to estimate surface moisture of other
soils, it was difficult to get good result. Since the spectral
characteristic of a soil is a function of the spectral
characteristics of its individual components ( soil
moisture, omganic matter, iron oxides, and clay mineral
et al.) and the content and distribution of these
components.
under
observation conditions, moisture decreases soil reflectance

throughout the entire spectra and affects the shape of the

Gererally, certain  illunination  and

spectra because of water absorption wavebands around
1400 nm and 1900 nm,

soild # 9,

reflectance tends to decrease soil

especially for the brighter
Organic matter has the similar effect to soil
reflectance  with
increasing organic matter content in the range of 600—

1100 ' * "

Iron - oxide can -induce the  absorption

features short of 1000 mm; Simmons' " showed an inverse

relationship between particle size and reflectance.

Reflectance spectra of wet soils include prominent
absorption bands centered at 1400 nm and 1900 nm, the
bands at 1400 nm and 1900 nm are typically bwad,
indicating an unordered arrangement of water molecules at
various site in the soill . Increasing moisture content
generally decreases soil reflectance across the entire
shortwave. The experiments of Bowers and Hanks'? are
frequently cited to demonstrate decreasing spectral
reflectance as a function of increasing moisture content for
a silt loam soil. With prototype near infrared reflectance
Whalley! ™ estimated water content of soil. For the same
soil, since moisture is the mainly affecting factor, using
prototype  reflectance to estimate can show its
preponderance, however, most of the chosen wavebands
to estimate soil moisture located in water absorption and
out of atmosphere windows. So, it is difficult to gain
precise estimation of soil moisture for different soil types
with prototype reflectance. To different soils, the spectral
effect of other soil characteristics frequently exceed the
effect of soil moisture, thus using prototype reflectance to
estimate soil moisture is constrained in uniform soil types.

To study soil surface moisture for different soils, we
try to apply derivative hyperspectral data to study spectral
the field of

derivative analysis is a

effect of soil surface moisture. In
hyperspectral remote sensing,
more promising approach to analyze remote sensing data.
Derivative spectroscopy assumed that the components of
variation are additive conslants acting in a spectrally
independent way over a spectral range of a few
nanometers. And it uses the change in spectral radiance
or spectral reflectance with wavelength to compute first
order derivative or higher order derivatives ™. Due to a
number of advantages, derivative spectra has been widely
applied into biophysical characteristics of vegetation and
mineral estimation and soil organic matter estimating to
sharpen the detail in absorption spectra. Gong *'% used
the first derivative spectra to recognize forest tree and
estimate chemical components. Xiang[ T used first
derivative to detect the changes of “red edge” of rice and
study the types of crop. With the speciral resolution
continwously improving and instrument developing in

recent, years, it presents. enormous, potential of using
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derivative spectroscopy for remote sensing applications.
But utilizing this approach to evaluate soil moisture is
rarely reported to different soils.

Based on laboratory measurements of different types
of soil, main objectives of this study is to investigate the
potential of high resolution reflectance spectra to inverse
soil surface moisture, and to evaluate the effects of with
four sets of data (‘a. with prototype reflectance, b, with
with  the
reflectance, d, with the first-order of absoibance) to

absorbance, c, first-order derivative of

estimate soil surface moisture.

2 MATERIALS AND METHODS
2.1 Preparation of soil samples

To evaluate the effect of soil surface moisture in
respect to reflectance, we chose 18 soil samples with
signi-ficant contrast difference in color and texture
characteristics. 9 soil samples of them were selected to
evaluate the wrrelation between four sets of spectral data
and soil surface moisture, and then choose the best band
to create the equation for estimation of soil surface
moisture, the other 9 soil samples were for the verification
purpose. All soil samples were initially air-dried while
outside for one week and then passed through a 2-nmm
sieve. Soil samples were put into metal boxes (¢ 10 cm) .
To produce the profile saturation, two procedures were
carried out: a) Complete saturation and b) Let surface
moisture disappeared. Prepared soil samples were in this
way available to measure their spectral and directional

reflectance.
2.2 Spectral reflectance of soil samples

Spectral measurements were performed in the

laboratoty to control irradiant conditions and isolate them
from other disruptive external conditions. Bidirectional
spectral reflectance data over the 350 nm to 2500 nm
wavelength region were acquired with ASD Pro FR
Portable Spectroradiometer. The Spectioradiometer was
used in the laboratory with sampling interval: 1.4 nm for
350—1000 nm, 2 nm for 1000 —2500 nm with a sensor
field of view 8. It was positioned vertically at a distance
of 40 cm over the soil sample. The light source, a 600W
halogen lamp, with almost collimated rays for the sample
area was positioned 70cm from the sample contairer. The
zenith angle of the light source was 15°. The lanp was
comected to a regulation to avoid possible variation of
electrical power input. Where the soil samples and a
white Spectralon panel (30 em X 30 em) ( Labsphere,
Inc., North Sutton, NH, USA) were measured under the

same illumination and observation conditions.
2.3  Soil measurements

In the whole measuring process, the soil samples
were kept undisturbed, and the observation was under the
controlled conditions. For soil samples, the mainly varied
variables are soil moisture. Folloved time passed, the
soils moisture decreased, and we measured reflectance of
these soil samples, and then instantly measured their
weight. Soil moisture was measured with gravimetry. Soil
color is easily to detect with the chart of Musell, and the
chemical and the analysis laboratory of soil analyzed phy-
sical characteristics of soils. The results of 18 soils of
those soils are shown inTable 1 and Table 2. InTable 1,
these soils were served to crate the correlation between
spectra and soil moisture and create estimation equation.
And the soils of Table 2 were sewed to validate the

estimation equation.

Table 1 Characteristics of 9 soils used to create estimation equation

Soil sanple Org. Matter/ % CaCOy % Fe, 0y % Munsell Cobr Sand/ % Clay/ % Silv %
Soil 1 1.41 0 0.93 10YR 3/3 39 31 30
Soil 4 2.21 11.97 1. 49 7,5 YR3/4 29 39 32
Soil 7 1.68 21 0. 66 10YR 3/4 4 31 25
Soil 10 1. 17 6.93 0. 87 10YR 4/4 29 46 25
Soil 13 0. &7 3.36 0. 66 10YR 5/4 63 22 15
Soil 16 1.51 3.78 2.06 10YR 4/6 37 27 36
Soil 18 0.74 1.89 1. 09 10YR 7/3 46 24 30
Soil 20 1.4 25.2 0. 39 10YR 4/2 16 62 22
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Soil 22 1.24 26.67 0.43

2,5Y 71 16 58 26

Table 2 Characteristics of 9 soils used to verify estimation equation

Soil sample Org. Matter/ % CaCO 4/ % Fe 05/ % Munsell Cobr Sand/ % Clay/ % Silv %
Soil 2 1. 4 2.1 0.8 10YR 2/3 37 37 26
Soil 5 1. 07 3.15 0. 94 10YR 6/3 45 8 27
Soil 8 1.78 13.44 0.7 10 YR2/3 37 38 25
Soil 11 1. 01 8.82 0.72 10YR 4/4 25 38 37
Soil 14 0.97 15.96 0. 54 10 YR6/3 37 42 21
Soil 17 0.8 2.31 .75 7,5 YR4/6 4 20 26
Soil 19 0. 64 0 0.87 7,5 YR4/3 49 28 23
Soil 21 1.71 221 0. 49 10YR 5/2 15 62 23
Soil 23 2.78 23.94 0. 31 2,5Y 5/1 19 51 30
L. square of crrelation coefficient) as the variable to
2.4 Description of approaches . i . i .
estimate soil surface moisture. Finally, we validated the
In this study, four sets of data ( Prototype estimation equation with spectra data of other soils.

reflectance, Absorbance, the first-order derivative of
reflectance, the first-order derivative of absorbance) were
used to evaluate the spectral effect of soil surface moisture
and correlation between soil surface moisture and soil
spectral data. Here the prototype reflectance was defined
as the ratio of reflected power to incident power. The
absorbance was defined as log( 1/ R) ( R is prototype

reflectance ) . The first derivative reflectance  was
calculated with the finite approximation appwach. The

first derivative reflectance is calculated by followed

‘meﬂ —r[4)

H’Z i (1)

Where R (7\1'1 2] and R (AJ were reflectance at
A; individually. A+ A; were the
wavelength of band i+2 and band i individually.
The first derivative of absorbance was calculated by
Equation (2):
it 1) | Jngfo,+JW —mfRfm

Equation (1).

wavelength A1 2,

ANt A
(2)
In order to analyze the spectral effect of soil surface
moisture, prototype weflectance, absorbance, the first-

order derivative of reflectance, and the first-order
derivative of absotbance were used to create the
correlation between soil moisture and soil reflectance at
the spectral dimension. Then we chose the spectral data

of waveband with great_coefficient of, determination ( €7,

3 DATA ANALYSIS AND RESULT

3.1 Prototype reflectance, absorbance, the first-
order derivative of reflectance and the first order
derivative of soil samples

This part tries to evaluate the relationship between
spectral infomation and soil reflectance moisture. Fig. 1
shows the reflectance, the absorbance and the derivative
spectra of reflectance and absorbance for different types of
soil. Fig.2 shows the reflectance, the absorbance and the
derivative spectra of reflectance and absorbance for the
same soil at different moisture levels. From Fig. 1(a) we
can see that with soil color varied fom light to dark, the
spectral curves of soil varied from high to low about the
It looks like the spectral effect of soil
surface moisture varied from high to low. So it shows the

whole curve.

difficulty with prototype reflectance to forecast soil surface
moisture of different soil types. Their absorbance curves
(See Fig. 1(¢) and Fig. 2(¢)) are little different in the
water absorption band 1400 nm and 1900 nm, but this is
not sufficient to distinguish the spectral effect of soil color
and soil surface moisture. After the first-order derivative
processing, the difference of the first-order derivative of
reflectance and absoibance between soil types is not
obvious after 1250 nm (See Fig. 1(b) and Fig. 1(d)).
But the difference of the effect of soil moisture can be
seen in the Fig.2(b) and Fig, 2(d), after, 1250 nm.. In
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demonstrates the first-order derivative of reflectance and
absorbance is sensitive to soil moisture and insensitive to

soil color in some waveband.
3.2 Analysis of correlation

From Fig. 2, we can see that it is difficult to
evaluate which kind of data is mor suitable to estimate
soil moisture. So we use ten different soils (50 soil
moistures) to calculate correlation between soil surface

( Including  prototype
the first order derivatives of

moisture and  soil  spectra

reflectance, absorbance,
reflectance and absorbance) . Fig. 3 shows the square
correlation between soil moisture and R ( reflectance),
log(1/R) (Absorbance), dR/dA (the first derivative of
reflectance), d(log( 1/ R))/dA (the first derivative of
absotbance) varied with wavelength. We can see for
pototype reflectance and absorbance they do not have
very high correlation squares, and absorption can improve
the power of reflectance to estimate soil moisture. So it
demonstrates that with  prototype reflectance  and
absorbance to estimate moisture of different soils is
difficult to get good results. The result coincides with W.
R. Whalley. Even to the same soil, around the 1450 nm
and 1940 nm, there is good crrelation, but they are
located in the outside of atmosphere windows, in the
practical application it is difficult to apply.
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Fig 3 The correlation between soil moisture

and reflectance, absorbance

Fig. 4 shows the wrlationship ( square of correlation
coefficient, ©*) between soil moisture and the first-order

derivative, of -reflectance and absorbance. In the range of

400 nm to 1300 nm, there are no obvious correlation
between the first-order derivative of reflectance and
absorbance. But after 1300 nm, we can see there are
many wavebands with the better square of correlation
coeflicient. It demonstrates that derivatives spectra in
some wavebands are sensitive to soil moisture derivative.
We chose the wavelength with best square of correlation
coeflicient PZ( With reflectance, absorbance and the first-
order derivative of reflectance and absorbance) to create
liner regression equation. For prototype reflectance ( R) ,
the best band is 2022 nm, for log(1/R), the best band
is 1962 nm. Both 2022 nm and 1962 nm are located
nearby water absorption of atmospher, and the correlation
is not very well. But for the first-order derivative of
reflectance and absobance, they have the higher square
of correlation coefficient, and the best band is the same,
1844 nm. Then, we used those wavebands to create the
Fig. 5 shows the
regression equation. Although we chose the best waveband

estimation equation individually.

with square of corelation, the relationship between soil
surface moisture and pototype reflectance is mot linear, so
we created a logarithmic equation to forecast soil
moisture.
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3.3 Evaluation of the estimation equation

Frequently, the experiential forecasting formula is
always applied under some certain conditions. In order to

validate the precision of estimation equation, we used the
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moisture of another 9 different soils (65 soil moisture) to
verify the precision of estimation equation. Fig. 6 shows
soil moisture of measured and estimated by forecasting
with four spectral data. We can see, with the prototype
reflectance to estimate soil moisture it showed much
deviation between measured moisture and estimated
moisture, the absolute moisture RMSE is 11.79%. With
absorbance to estimate soil moisture, the deviation
between measured moisture and estimated moisture partly
dimini-shed, and the absolute moisture RMSE is
9.53%. And after derivative pocessing, the deviation
between measured and estimated moisture are decreased,
and the absolute moisture RMSE is 7.34%. With the
first order derivative of absorbance to estimate soil
moisture, the result is the best: the absolute moisture of
RMSE can get 1o 6. 74%;. Thus, the result demonstrated
that absorbance is better than prototype reflectance to
estimate soil moisture. And the derivative of reflectance
can well be applied to estimate soil moisture of different
soils. And the firstorder derivative absorbance can
improve the capability both reflectance and derivative
reflectance. The first-order derivative of absorbance has
the best effect of estimation in the four methods for
different type soils. To the first derivative of logarithmic
reflectance, when soil water is mot high, it’ s very good to
estimate soil moisture, the result estimated less than
measured moisture. Because when soil moisture is higher
reflectance will show other

But this
appwach can be applied into different soil types. So it

than field water cntent,

appearancé 'Y, here we don’ t mention it.

possesses great potential in estimating soil surface

moisture in a large region.

4 CONCLUSION

In the optical remote sensing, one of the major
poblems for estimating soil moisture from reflectance is
each soil exhibit a unique response, and it is very
difficult to accurately estimate soil surface moisture for
different soil types with prototype reflectance and
absorbance. The technique of derivatives tackles many of
the problems of quantitative analysis in analysis
spectroscopy. Application of derivative spectra can

decrease, the smfomation of backeround and, facilitate the

location of critical wavelengths. The paper used raw

reflectance,  absotbance, the first derivative of
reflectance, and the first derivative of absorbance to
create correlation between soil moisture and soil spectral
data. We found that for different soils it has no obviously
correlation between soil surface moisture and prototype
reflectance and absorbance, but absorbance can has

higher correlation than reflectance. The first-order
derivative of reflectance and the first-order derivative of
absorbance have the obvious wrrelation in some certain
narrow wavebands; the first-order derivative of absorbance
reflectance has more obvious correlation than the first-
order derivative of reflectance. We choose these bands
with highest square of correlation coefficient to creat liner
regression forecasting equation. Another 9 soil samples
were used to verify the precision of estimation equation.

showed that the first-order
absorbance possess the capability to estimate soil surface

Results derivative of

moisture of the four types data. It shows the great

potential in estimating soil surface moisture and other soil

characteristics in a large region.
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(1. s 100089;
2. INRA, Bioclimatologie, Domaine Sanit-Paul, Site Agroparc, 84914 Avignon, Cédex 9, France;
3. R 100101)
s s 760 nm, 970 nm,
1190 mm, 1450 mm, 1940 nm 2950 mm s s
, ( .
) , ( . . )
4 ( (R, (log( 1/ R)) (dR/ ) ,
(d(log( 1/ R) )/ dA)) LR  log( VR)
s R log( 1/ R) s dR/dA, d(log(1/ R))/dA)
R R dR/ dA d(log( I/ R) )/ dA) s
. 9 ( 4 ) R
9 ( 4 ) s ,dR/dX  d(log( I/ R))/ dA) R log(V
R) , , ) ,

d(log(1/ R))/dA) .



