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Soil Moisture Effect on Thermal
Infrared (8–13-μm) Emissivity
Maria Mira, Enric Valor, Vicente Caselles, Eva Rubio, César Coll, Joan M. Galve,
Raquel Niclòs, Juan M. Sánchez, and Rafael Boluda

Abstract—Thermal infrared (TIR) emissivities of soils with
different textures were measured for several soil moisture (SM)
contents under controlled conditions using the Box method and a
high-precision multichannel TIR radiometer. The results showed
a common increase of emissivity with SM at water contents lower
than the field capacity. However, this dependence is negligible
for higher water contents. The highest emissivity variations were
observed in sandy soils, particularly in the 8–9-μm range due to
water adhering to soil grains and decreasing the reflectance in
the 8–9-μm quartz doublet region. Thus, in order to model the
emissivity dependence on soil water content, different approaches
were studied according to the a priori soil information. Soil-specific
relationships were provided for each soil texture and different
spectral bands between 8 and 13 μm, with determination coefficients up to 0.99, and standard estimation errors in emissivity
lower than ±0.014. When considering a general relationship for all
soil types, standard estimation errors up to ±0.03 were obtained.
However, if other soil properties (i.e., organic matter, quartz,
and carbonate contents) were considered, along with soil water
content, the general relationship predicted TIR emissivities with
a standard estimation error of less than ±0.008. Furthermore, the
study showed the possibility of retrieving SM from TIR emissivities with a standard estimation error of about ±0.08 m3 · m−3 .
Index Terms—Emission, infrared measurements, modeling,
moisture, remote sensing, soil.
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I. I NTRODUCTION

S

URFACE emissivity is a key parameter for determining
long-wave surface energy balance, which is strongly influenced by the difference between land surface temperature
(LST) and sky brightness temperature. This difference can be
neglected outside the 7–14-μm atmospheric window region
where the change in the emitted radiation caused by emissivity
variability is mostly compensated by changes in the reflected
sky radiance. However, this difference becomes relevant within
the atmospheric window due to the low sky brightness. Because of the relative transparency of the atmosphere at these
wavelengths, it is possible to estimate LSTs and emissivities
from multispectral thermal infrared (TIR) remote sensing [1]–
[3]. In addition, knowledge of the emissivity spectrum is useful
to map geologic and land-cover materials based on differences
in wavelength-dependent spectral features [4]–[7].
The influence of soil texture on emissivity is well known
from experimental studies [4]–[10]. However, up to now, few
published works analyze the soil moisture (SM) effect on thermal emissivities [11]–[13]. Mira et al. [14] recently assessed the
importance of an accurate determination of the TIR emissivity
variation with soil water content to permit accurate temperature
retrievals. The study showed systematic errors from 0.1 to
2 K due to SM influence on emissivity. In [14], TIR (8–13-μm)
emissivities of six soil samples with different textures were
measured under controlled SM content in order to obtain quantitative relationships between SM and spectral emissivities. The
best determination coefficients (R2 ∼ 0.90 on average) were
achieved when using specific equations for each spectral band
and soil sample, using a quadratic function of emissivity with
SM. The measurements showed an emissivity increase up to
0.16 when water content increased by 24% in the 8.2–9.2-μm
region, with the larger increases at low water contents and high
sand contents. It is worth noting that the high content of sand
particle in the soil favors a lower content of organic matter
(OM) since sand texture conditions its mineralization, but not
the gain of soil water retention capacity. It is the purpose of this
paper to complete the work presented in [14] by providing the
results of emissivity variation with SM for an additional set of
eight new soil samples of different textures, in order to obtain
a general relationship to define the SM dependence of thermal
emissivities of soils. Furthermore, the possibility of retrieving
SM estimates from TIR emissivities is analyzed.
This paper proceeds as follows. The next section provides a
description of the soil samples, the measurement of volumetric
water contents, and the measurement of TIR emissivities by
means of the Box method. The results of the experiment are
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TABLE I
S OIL S AMPLE P ROPERTIES , I NCLUDING L OCATION , S OIL T EXTURE , B ULK M INERALOGY, AND S OIL WATER C HARACTERISTIC E STIMATES
BY T EXTURE AND OM F OLLOWING S AXTON AND R AWLS [36]. FC: F IELD C APACITY; WP: W ILTING P OINT M OISTURE

described and analyzed in Section III, and finally, the main
conclusions are given in Section IV.
II. E XPERIMENTAL S ETUP
A. Soil Sample Description
We selected eight soil samples with a diversity of soil types
that complement the previous work by Mira et al. [14]. They
included one sample from the 710-km2 White Sands National
Monument in New Mexico, U.S. (labeled as WS), four soils
sampled in the 610-km2 Little Washita River Experimental
Watershed (LWREW) in south central Oklahoma, U.S. (labeled
as LW03, LW13, LW45, and LW52, following the identification
name of the 2.6-km2 sampling fields within the LWREW),
and three soils from a rural area in São Paulo, Brazil (labeled
as BR1, BR2, and BR3). The samples were taken from the
upper 15 cm of the A horizon, designated as the top layer and
characteristic for being the layer that is darker in color than
deeper layers and the mineral soil with most OM accumulation
and biological activity. The main properties of the soils are
presented in Table I. The identification of clay minerals was
determined by means of the X-ray diffraction technique and a
semiquantitative analysis of the patterns following the methods
described in [15]–[17]. The soil composition for these sites
ranged from 29% to 100% for sand, 0% to 54% for clay,
0.2% to 2.9% for OM, and 1% to 100% for quartz, while no
soil contained carbonate. Quartz abundance in most samples is
highlighted here due to the low emissivity values at the quartz
Reststrahlen bands around 7.7, 9.7, and near 12.6 μm [4].
B. SM Measurement
The measurement strategy and the configuration details of
the container designed to keep the soils and allow water
drainage and a practical execution of emissivity measurements
are given in [14]. In that study, the gravimetric method was

chosen for measuring the SM, since it is considered the most
accurate technique. However, it is a laborious and destructive
method since small amounts of soil are removed from the total
sample when SM measurements are done. For these reasons and
because models usually require volumetric SM, which implies
less precisely measured densities, we calculated volumetric SM
measurements using time-domain reflectometry (TDR) [18],
[19] in this study. Volumetric SM is defined as the ratio of the
volume of water contained to the total volume of the soil sample
and can be obtained from gravimetric SM by considering the
bulk density of the sample.
The high dielectric constant or relative permittivity of water
(κ ∼ 80) compared to that of the other soil components (κ ∼ 1
for air and κ ∼ 2 to 5 for soils) makes the determination of
relative permittivity a suitable way to measure water content.
This is the base of the TDR, which is a radar technique applied
within the soil. TDR has improved our ability to characterize
simultaneously and very accurately the storage and movement
of soil water, ionic solutes, and air (indirectly) in the soil profile
in both space and time, with relatively low equipment and labor
costs. In TDR, a fast-rise step voltage pulse is propagated along
a transmission line in the soil. The voltage pulse propagates as
an electromagnetic wave, which travels in the soil and is guided
by the conductors of a probe (metal rods). The measurement
of its propagation velocity (or time delay) and attenuation are
used to determine volumetric soil water content, since the ratio
of the TDR travel time in soil to that measured in air, i.e., t/tair ,
is equivalent to κ1/2 .
An empirical relationship between relative permittivity κ and
volumetric water content θv , namely, the “Topp equation” [18],
was initially used for conversion of TDR data to θv . Later
improvements and refinements have made use of the dielectric
mixing formulas that require an additional prior knowledge of
the soil properties, such as density, texture, and/or OM content
[20], [21]. However, from the analyses by Topp and Reynolds
[19] and the related experimental work [21], it has been shown
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that the relationship between κ1/2 and θv is linear over what
can be considered a practical range of water content.
In our experiment, the SM sensor Delta-T SM200 was used,
which has a calibration uncertainty of ±0.03 m3 · m−3 for
θv determinations according to the manufacturers [22]. The
SM200 sensor is most sensitive to signals very close to the
two rods, but a small proportion of the signal reaches up to
50 mm from the rods. This is why SM measurements were
always made at least 100 mm far from the box edges, to avoid
the influence of the box on the TDR response. Because of the
wide range of soil textures for our samples, it was necessary
to determine the effects of using a generalized factory-supplied
calibration on the determination of soil water content from TDR
time delay readings. Samples LW03, LW13, and LW45 were
chosen for calibration studies because they cover the range of
textures for our soils (i.e., LW45 and LW13 have the lowest and
medium sand content, respectively, and LW03 has the lowest
clay content). Comparisons were made between gravimetric
soil water content and volumetric SM as determined by the
TDR factory-supplied calibration. The comparisons showed
that the SM values from TDR readings agree with gravimetric
water contents with a determination coefficient up to 0.99,
and a standard estimation error lower than ±0.018 m3 · m−3 .
Thus, we concluded that the effect of using the factory-supplied
calibration of soil water content from the TDR readings was
within its calibration uncertainty (i.e., ±0.03 m3 · m−3 ).
C. Emissivity Measurement: The Box Method
TIR emissivities of the soils were determined in our laboratory using the two-lid variant of the Box method, whose
methodology and background were analyzed in detail by Rubio
et al. [23], [24]. The radiance measurements were carried out
with the high-precision multichannel TIR radiometer CIMEL
Electronique CE-312 [25]. It has four spectral channels: one
broad 8.0–13.3-μm (channel 1) and three narrow channels
(channels 2–4), whose effective wavelengths (λeﬀ ) and fullwidth at half-maximum (Δλ) are 11.96 μm (11.5–12.4 μm),
10.80 μm (10.2–11.3 μm), and 8.82 μm (8.3–9.3 μm), respectively. CE-312 was calibrated with a Landcal Blackbody
Source (Type P80P) within the temperature range of −5 ◦ C
to 50 ◦ C during our experiment, and uncertainties of about
±0.10 K were obtained for all channels. The sensitivity analysis
performed by Mira et al. [26] for the Box method showed
that such radiometric errors yield uncertainties in emissivity of
about ±0.012, and no systematic errors.
According to the two-lid variant of the Box method, the
emissivity of a sample is obtained from a sequence of measurements of radiance in which a bottomless box with specular
reflective walls is used in four different configurations. Two
interchangeable lids with different reflectivities were used as
tops. One of them (the cold lid) has an emissivity εc = 0.03,
whereas the other (the hot lid) has an emissivity εh = 0.98,
and its temperature is kept 15 to 20 ◦ C over that of the sample.
A thick insulating material covers the outer walls and lids of
the box to insure the thermal homogeneity of the system. For
additional details on the measurement technique, the reader is
referred to [24].
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For each soil sample and SM value, a series of 30 emissivity
measurements in each spectral channel of the radiometer was
carried out. Afterward, the average value of the spectral channel
emissivity of each soil and SM condition was obtained from
these series. The sequence of soil saturation and drying was
repeated at least two times in order to ensure the validity and
reproducibility of emissivity measurements as well as to obtain
intermediate values of emissivity along the SM range. For
further details on the experimental setup, see [14].
III. R ESULTS AND D ISCUSSION
The results of the experiment are summarized in Fig. 1,
which shows the influence of soil water content on the TIR
emissivity of the different samples. Notice that the lack of data
for intermediate water contents of sample LW52 was due to
the appearance of soil cracks on its surface during the drying
process, resulting in a nondesired cavity effect contribution to
the spectra. The drying process of the samples took from one
to four weeks, depending on the soil texture. As expected,
there is a common increase of TIR emissivities with SM.
The increase is clearly larger than the standard uncertainty
of the measurements, which is about ±0.003 (Table II). The
emissivity error is the estimated standard deviation of the set of
30 emissivity measurements taken for each sample, SM value,
and band. Quantitatively, the highest variation of emissivity
with soil water content is observed in channel 4 (8.3–9.3 μm),
followed by variations in channel 1 (8.0–13.3 μm), and finally
channel 2 (11.5–12.4 μm) and channel 3 (10.2–11.3 μm). A
large increase of emissivity at low water content is observed in
all samples, whereas there is almost no change in emissivity for
moisture levels above the field capacity (FC) of the soils. FC
is the water content held in soil after excess water has drained
away and the drainage ceases. We conclude that soils with SM
higher than its FC have thermal emissivities close to one as a
result of the water spectrum, since water is retained in the soil
macropores. Furthermore, below the FC point, water is retained
in micropores, and macropores are full of air, allowing lower
emissivity values as well as a considerable emissivity variation
with SM content and spectral region. Hence, the increase of soil
water content results in a sharp decrease in spectral contrast,
since water is very strongly absorbing in the region of the quartz
Reststrahlen bands [8].
A. Spectral Emissivity Dependence on SM:
Soil-Specific Relationships
In order to quantitatively determine the behavior of TIR
emissivities of bare soils with SM variation, it was decided to
study which are the best relationships between both parameters.
Mira et al. [14] found that the best fit is achieved by each
particular soil following
εi = ai + bi θv + ci θv2

(1)

where θv is the volumetric SM (m3 · m−3 ); a, b, and c are
the regression coefficients; and the subscript i represents the
CE-312 channel 1, 2, 3, or 4. However, further analysis shows
that there is a slight improvement when the measurements of
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Fig. 1. Soil emissivity measurements for channel 1 (8.0–13.3 μm), channel 2 (11.5–12.4 μm), channel 3 (10.2–11.3 μm), and channel 4 (8.3–9.3 μm) of the
CE-312, at various moisture contents. Dashed (dotted) lines represent the fitting regression curves of emissivity against soil water content for each channel and
sample, according to (2) [(4)] and coefficients given in Table III (Table IV).
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TABLE II
E MISSIVITY R ANGE ( I . E ., D IFFERENCE B ETWEEN THE H IGHEST AND THE L OWEST E MISSIVITY VALUE ) W ITHIN THE
W HOLE SM R ANGE (Δεi ) AND I TS E RROR (δ(Δεi )), AND AVERAGE OF S TANDARD U NCERTAINTY OF THE
M EASUREMENTS (δεi ), FOR E ACH S AMPLE IN THE F OUR S PECTRAL C HANNELS OF CE-312

TABLE III
F ITTING C URVES OF E MISSIVITY ε AGAINST VOLUMETRIC WATER C ONTENT θv (m3 · m−3 ) FOR E ACH S OIL
(I NCLUDING A TO F F ROM [14]) AND S PECTRAL BAND OF THE R ADIOMETER CE-312. a, b, c: R EGRESSION
C OEFFICIENTS ; R2 : D ETERMINATION C OEFFICIENT; σ: S TANDARD E STIMATION E RROR

each particular soil are fitted to a logarithmic dependence on
SM following
εi = ai + bi θv + ci ln(θv ).

(2)

Fig. 1 shows the regression curves determined by (2), and
Table III gives the set of regression coefficients (a, b, c), the
determination coefficient (R2 ), and the standard estimation

error (σ) for each soil and spectral channel. In this case, the
standard estimation error (σ) for each soil and spectral channel
was computed as

1 
(ai + bi θv + ci ln(θv ) − εi )2
σ=
(3)
N −2
where N is the number of values considered to obtain the fitting
curves; i is the spectral channel; a, b, and c are the regression
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coefficients given in Table III; and θv and ε are the SM and
emissivity values measured at the laboratory. An equivalent
formula is applied to obtain the standard estimation error (σ)
from the other equations. Results for the six soils formerly
studied by Mira et al. [14] (labeled as A to F ) are also included
in order to present here a more complete database with the best
relationships for a wide range of soils of different textures. It is
worth noting that gravimetric water contents measured by Mira
et al. [14] were converted to volumetric SM by considering the
bulk density of the soils. As detailed in [14], bulk densities were
calculated following the method described in [27] or [28]. Note
also that channels 1 and 4 do not depend on θv but only on
ln(θv ) (see Table III). Furthermore, since the minimum SM
value is at the least 0.001 m3 · m−3 (residual water content),
even in the case of hyperarid desert regions, the logarithmic
function in (2) should not present divergence problems. It is
seen that the average values from about 0.83 to 0.92 and from
±0.003 to ±0.006 are obtained for R2 and σ, respectively, considering all samples of a band. According to the study in [14],
an emissivity variation of ±0.006 causes an error of ±0.2 K
in the LST determination (at 11 μm and for an LST of about
300 K). Since σ is derived from this relationship, it will be
larger when the SM retrievals are less accurate (i.e., satellite
SM retrievals).
B. General Dependence of Spectral Emissivities on SM and
Other Soil Properties
With the aim of improving the applicability of the study, it is
of great interest to find a general relationship that explains how
TIR emissivities of soils with any soil texture change with SM
content. Soils studied by Mira et al. [14] were included in the
study, completing the set of samples to a total of 14 different
soils and thus being a more general relationship. Soil samples
analyzed in [14] contain carbonate (content up to 46%), while
the samples studied here do not present carbonate content at
all. If it is assumed that no knowledge is available about the
soil type, except its SM, the best results are again obtained with
(2), with R2 ranging from 0.36 to 0.66 and σ from 0.007 to
0.03. These uncertainties lead to LST errors up to ±1.1 K (at
11 μm and for an LST of about 300 K [14]). The results are
summarized in Table III, and Fig. 2 shows the plots for the wide
band (channel 1) and 8.82-μm band (channel 4).
To improve the predictability, a more complex relationship
has to be considered which includes other parameters that
influence the emissivity spectrum such as soil composition or
particle size. A statistical analysis of our data was performed
to determine these additional soil parameters, which should be
included in our model. Three soil components were selected to
be considered as inputs in the relationships. The first component
is the OM content, which is highly absorbing in the 8–14-μm
region and reduces the apparent spectral contrast of the quartz
Reststrahlen bands. According to Salisbury and D’Aria [8],
soils that contain more than 1.5%–2% extractable OM tend
to display low emissivity ratios between 8.3- and 11.3-μm
bands, regardless of the particle size. The second component
is the quartz content, which exhibits fundamental molecular
absorption features in the TIR: It increases the reflectance

Fig. 2. Soil emissivity measurements for channel 1 (8.0–13.3 μm) and channel 4 (8.3–9.3 μm) of the CE-312, at various moisture contents. Dashed lines
represent the fitting regression curves of emissivity against soil water content
for all soils together, including samples from [14], and for each channel and
sample, according to (2) and coefficients given in Table III.

of the material and decreases the emissivity between 7.7 and
9.7 μm, and near 12.6 μm, due to the weak absorption feature
of the quartz Reststrahlen bands [4]. The third component
is carbonate content, whose spectrum is distinctive because
of the presence of a weak absorption feature centered near
11.2 μm and otherwise generally flat spectra [4]. Both quartz
and carbonate content data improve the estimate of the
8.82-μm-band (channel 4) and the wide-band (channel 1) emissivities. However, they are not essential for emissivity estimates
at 11.96 μm (channel 2) and 10.80 μm (channel 3). The
regression relationship presenting the best results for each band
when considering not only SM but also OM, quartz (Q), and
carbonate (C) contents is
εi = ai + bi θv + ci ln(θv ) + di OM + ei OM 2 + fi Q + gi C
(4)
where a to g are the regression coefficients for each spectral
channel i (i = 1 to 4) and OM, Q, and C contents are given
in percentage. The results of this analysis are summarized in
Table IV, and Fig. 1 shows the regression curves for each soil.
Note that the regression curve resulting for channel 4 of sample
BR1 does not fit very well the measured values, which could be
due to the underestimation (overestimation) of its quartz (OM)
content. As in the case of (2), the logarithmic function in (4)
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TABLE IV
F ITTING C URVES OF E MISSIVITY ε AGAINST VOLUMETRIC WATER C ONTENT θv (m3 · m−3 ) AND OTHER S OIL P ROPERTIES ,
FOR E ACH S PECTRAL BAND OF CE-312, W HEN C ONSIDERING A LL S OILS T OGETHER , I NCLUDING S AMPLES F ROM [14].
OM: O RGANIC M ATTER C ONTENT (%); Q: Q UARTZ C ONTENT (%); C: C ARBONATE C ONTENT (%); a TO g: R EGRESSION
C OEFFICIENTS ; R2 : D ETERMINATION C OEFFICIENT; σ: S TANDARD E STIMATION E RROR

should not present divergence problems since the minimum SM
value is at least 0.001 m3 · m−3 . As expected, the consideration
of ancillary data in relationship (2) significantly improved the
emissivity estimation (see Tables III and IV for comparisons).
Quantitatively, R2 took an average value of 0.78, and σ was
lower than ±0.019, leading to LST errors lower than ±0.7 K
(at 11 μm and for an LST of about 300 K [14]). Here, σ
represents the minimum achievable error, which will be larger
as far as the parameters’ estimation (i.e., θv , OM, Q, and C)
becomes less accurate. We consider that such an emissivity
approach is quite satisfactory, despite the fact that quantities
of other minerals (i.e., feldspars, magnetite, or hematite) have
not been taken into account.
If (4) were to be applied to remote sensing observations, the
OM, quartz, and carbonate contents would be estimated using
visible/infrared data. As shown in [9], quartz and carbonate
contents can be derived by means of spectral indices for lithologic mapping with TIR data from the Advanced Spaceborne
Thermal Emission and Reflection radiometer (ASTER). Quartz
minerals can be detected using bands 10 (8.3 μm), 11 (8.6 μm),
and 12 (9.1 μm), and carbonates can be detected using bands 13
(10.7 μm) and 14 (11.3 μm). According to the study in [9], the
result of applying the indices to level 1B ASTER TIR data sets
observing a study site at various seasons indicates that they are
robust against variations in atmospheric conditions and surface
temperatures. Other approach to estimate the carbonate content
in a soil was proposed in [29] and [30] by using airborne hyperspectral measurements. A continuum removal technique quantifying specific absorption features of carbonate (2.341 μm) was
applied to HYMAP reflectance measurements. Regarding OM
content, it can be estimated from Landsat Enhanced Thematic
Mapper (ETM) bands 2 (0.52–0.60 μm) and 7 (2.08–2.35 μm)
following a regression equation with a coefficient of correlation
R2 = 0.51 [10]. Frazier and Cheng [31] obtained R2 = 0.98
for predictive OM equations, using the ratio between the ETM’s
bands 5 (1.55–1.75 μm) and 4 (0.76–0.90 μm). Wu et al. [32]
found that the highest correlation (R2 = 0.59) between OM of
131 soil samples and the corresponding digital number of ETM
reflective bands was with band 1 (0.45–0.52 μm).

C. SM Retrieval From TIR Emissivities
A complementary result was considered in this paper, i.e., the
possibility of retrieving soil water content from TIR emissivity
estimates. Keeping in mind the previous inverse model (i.e.,
(2) and Table III) and avoiding redundancy by considering
variables presenting the same dependence (i.e., ε1 and ε4 , ε2
and ε3 ), emissivities in channel 3 (10.80 μm) and channel 4
(8.82 μm) were selected as the most representatives to explain
the SM content in terms of TIR emissivities. Hence, a statistical
analysis showed that the best estimates of SM were retrieved by
the following relationship:
θv = A + B exp(ε3 ) + C exp(ε4 )
+ D(ε4 )2 + E(ε3 ε4 ) + F (ε3 ε4 )2

(5)

where A to F are the regression coefficients and εi is the
emissivity of channel i(i = 3, 4) of the CE-312 radiometer. The
results of the analysis, summarized in Table V-I, showed that
R2 was about 0.61, being the standard estimation error (σ) of
SM of about ±0.11 m3 · m−3 , which can be larger if emissivity
estimates are less accurate. When the inclusion of ancillary
data was carried out, the best estimates of SM were obtained
following
θv = A + B exp(ε3 ) + C exp(ε4 )
+ D(ε4 ) + E OM + F (OM )2 . (6)
Quartz and carbonate contents were not included in the
model since they do not imply a significant improvement on
the SM estimation. In this case, R2 improved to 0.85 and
σ to ±0.08 m3 · m−3 (Table V-II). Therefore, this approach
could be considered as a way to roughly estimate SM when
the emissivity spectrum and OM content of the soil are known.
As aforementioned, if (6) were to be applied to remote sensing observations, the OM content would be estimated using
visible/infrared data [10], [31], [32]. Then, the advantage of
this method with respect to SM retrievals from microwavebased sensors is the possibility of working with a higher spatial
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TABLE V
F ITTING C URVES OF VOLUMETRIC WATER C ONTENT θv (m3 · m−3 )
AGAINST TIR E MISSIVITIES OF C HANNEL 3 (10.80 μm) AND C HANNEL 4
(8.82 μm) (I) AND OM C ONTENT (II), W HEN C ONSIDERING A LL S OILS
T OGETHER (I NCLUDING S AMPLES F ROM [14]). A TO F : R EGRESSION
C OEFFICIENTS (m3 · m−3 ); R2 : D ETERMINATION C OEFFICIENT; σ:
S TANDARD E STIMATION E RROR (m3 · m−3 )

resolution, while the disadvantages are the loss of precision
in the SM retrievals and the fact that only soil water content
from the skin of the surface can be retrieved by TIR remote
sensing. Furthermore, the near-surface moisture content has a
short lifetime, and clear sky conditions are required for TIR
emissivity retrievals. Nevertheless, it would be useful to compare the results with future SM missions such as the European
Spatial Agency’s Soil Moisture and Ocean Salinity (SMOS)
[33] and the National Aeronautics and Space Administration
(NASA)’s Soil Moisture Active and Passive [34].
IV. S UMMARY AND C ONCLUSIONS
TIR emissivities of soils with different textures were measured for a wide range of controlled SM contents in order
to obtain quantitative relationships between SM and spectral
emissivities. Thermal emissivities were determined at the laboratory using the two-lid variant of the Box method [24], with
an expected uncertainty of about ±0.003. The radiances were
measured using a high-precision multichannel TIR radiometer
CIMEL Electronique CE-312 with ±0.10 K of uncertainty
[25]. Soil water contents were determined by using the factorysupplied calibration from TDR readings of the Delta-T SM200
sensor, which has a calibration uncertainty of ±0.03 m3 ·
m−3 [22].
As reported by previous studies, there is a common increase
of emissivity with SM. This increase is more apparent in the

8–9-μm range for sandy soils due to the presence of either
quartz or gypsum, while the 10–12-μm channels show little
variation with either soil type or SM. Furthermore, a large
increase of emissivity is observed at low water contents, while
there is almost no change in emissivity for moisture levels
above the soil FC. Hence, the highest emissivity variations are
observed in sandy soils, particularly in the 8–9-μm range, due
to water adhering to soil grains and decreasing the reflectance
in the 8–9-μm region.
Since the scope of the study was to model emissivity dependence on soil water content, different approaches were
presented, according to the a priori information about the soil.
When a specific retrieval procedure was applied to each soil,
the standard estimation error of retrieved emissivities from
volumetric SM was better than ±0.014 for any channel and soil.
When a general retrieval procedure was applied, regardless of
the soil type, rough estimates of the emissivities were retrieved
with a standard estimation error from ±0.007 to ±0.03. However, the study also indicated that the consideration of ancillary
data (i.e., OM, quartz, and carbonate contents) significantly improved the results from a general fitting curve applicable to any
soil, providing the emissivity with a standard estimation error
lower than ±0.019. Furthermore, the possibility of retrieving
soil water content from emissivity estimates was also analyzed.
SM was obtained with a standard estimation error of about
±0.11 m3 · m−3 , or ±0.08 m3 · m−3 when OM content was
considered. This could be obtained when the TIR emissivity
spectrum can be measured with high precision and no data
of soil water content are available or it has a poor spatial
resolution.
The results are moderately satisfying and encouraging because the data sets used included a large range of SM and
soil textures. In addition, the uncertainty in surface temperature
associated with such emissivity errors took values of about
±0.2 K and ±1.1 K (at 11 μm and for an LST of about 300 K
[14]) from the specific and general relationships, respectively.
An important feature of the retrieval relationships is that if the
soil composition is known, accurate retrievals of TIR emissivities from SM are possible.
This study, which includes data from [14], provides the
first database on SM effects on emissivity. Thus, this work
could be used to estimate thermal emissivities of moist soils
with a wide variety of textures, which has been difficult up
to now due to the lack of published data. Emissivity maps or
time series analysis of emissivities retrieved from both current
LST and emissivity radiance-based retrieval algorithms (e.g.,
Moderate Resolution Imaging Spectroradiometer (MODIS)
day/night [35] and ASTER TES [1]) could be improved by
this study since it explains emissivity deviation errors due to
the sensitivity of TIR emissivities of bare soils on SM. Land
surface emissivity estimation from SM might be useful to better
understand emissivity variations from ASTER and MODIS
over bare and semiarid areas. Furthermore, this work could
help to discriminate between land surface emissivity variations
(from MODIS and ASTER retrievals) caused by atmospheric
correction effects and SM effects. According to the approach
presented in Section III-C, emissivity retrievals from ASTER
and MODIS will allow to estimate SM contents. Therefore, in
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further work, we will explore the feasibility of this approach
using SMOS data and compare the retrieved emissivities with
those coming from other sources, e.g., emissivities from the
MODIS and the ASTER sensors onboard the NASA’s Terra
satellite.
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