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Abstract

For a satellite sensor with only one or two thermal infrared channels, it is difficult to retrieve the surface emissivity from
the received emissive signal. Empirical linear relationship between surface emissivity and red reflectance are already
established for deriving emissivity, but the inner physical mechanism remains unclear. The optical constants of various
minerals that cover the spectral range from 0.44 to 13.5 pm in conjunction with modern radiative transfer models were
used to produce corresponding surface reflectance and emissivity spectra. Compared to the commonly used empirical linear
relationship, a more accurate multiple linear relationship between Landsat TM5 emissivity and optical reflectances was
derived using the simulated data, which indicated the necessity of replacing the empirical relationship with the new one for
improving surface emissivity estimate in the single channel algorithm. The significant multiple linear relationship between
broadband emissivity (BBE, 8-13.5 um) and MODIS spectral albedos was also derived using the same data. This paper
demonstrates that there is a physical linkage between surface emissive and reflective variables, and provides a theoretical
perspective on estimating surface emissivity for sensors with only one or two thermal infrared channels.
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Introduction

According to Kirchhoff’s law, a complementary relation-
ship exists between surface emissivity and reflectance,
which allows the emissivity to be calculated from the
reflectance that is often more convenient to measure in the
laboratory (Hapke 2012). For example, one can calculate
the directional emissivity spectra of various natural and
manmade materials from the laboratory-measured hemi-
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spherical-directional reflectance in the ASTER spectral
library (Baldridge et al. 2009) by virtue of Kirchhoff’s law.
Regarding satellite remote sensing, the earth observation
thermal infrared sensor primarily measures the emissive
signal of the surface and atmosphere instead of the
reflective signal. It is impossible to derive the surface
reflectance for the received emissive signal. Thus, we
cannot derive the surface emissivity using Kirchhoff’s law.

We must resort to alternative methods that can derive
surface emissivity directly from sensor-measured emissive
signals. One alternative is the so-called temperature and
emissivity separation (TES) algorithm. Temperature and
emissivity separation from radiometric measurements is an
ill-posed problem, which involves solving N + 1 variables

@ Springer


http://orcid.org/0000-0002-7620-4507
http://crossmark.crossref.org/dialog/?doi=10.1007/s12524-017-0713-7&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/s12524-017-0713-7&amp;domain=pdf
https://doi.org/10.1007/s12524-017-0713-7

592

Journal of the Indian Society of Remote Sensing (April 2018) 46(4):591-596

with N equations (Cheng et al. 2011; Gillespie et al. 1998;
Li et al. 1999; Li et al. 2013a; Xue et al. 2005). A larger
number of TES algorithms have been developed to derive
surface emissivity from the measured emissive signal
(Cheng and Ren 2012; Li et al. 2013b; Liang 2001).
Typically, we design a specified TES algorithm for a sensor
with three or more thermal infrared channels and derive the
surface temperature and emissivity simultaneously, for
example, the ASTER TES algorithm and MODIS day/night
algorithm (Gillespie et al. 1998; Wan and Li 1997).
However, it is difficult to derive the temperature and/or
emissivity for a thermal infrared sensor with one or two
channels. We must make use of the information measured
by the synchronized optical remote sensing sensor. This is
another alternative method. For example, the vegetation
cover method (Valor and Caselles 1996) and NDVI-
threshold method (Sobrino et al. 2008) are used to prede-
termine surface emissivity and then retrieve the surface
temperature for Landsat TM/ETM+ in the single channel
algorithm (Cristobal et al. 2009; Zhou et al. 2012). In the
vegetation cover method or NDVI-threshold method, land
surface is primarily divided into vegetated surface and non-
vegetated surface. For the non-vegetated surface, the
emissivity is assigned a constant value usually averaged
from the soil emissivity spectra or fitted as a linear function
of red reflectance using the spectra in the ASTER spectral
library without allowing for the dramatic variation of non-
vegetated surface emissivity. The linear relationship may
not be entirely accurate, but it is definitely superior to the
constant value. The emissivity of the partial vegetated
surface is determined by introducing the components’ (soil
and vegetation) emissivity into a physical model that
defines the effective emissivity of the surface in terms of an
estimated vegetation fraction dynamically obtained from
NDVI. Sobrino et al. (Sobrino et al. 2008) reviewed the
development of the NDVI-threshold method and proposed
the linear formulae for various thermal infrared sensors.
The surface emissivity determined by the vegetation cover
and NDVI-threshold methods have been successfully
applied to the retrieval of surface temperatures from single-
channel thermal infrared sensors such as Landsat TM/
ETM+ with an desired accuracy of 1-2 K (Jimenez-
Munoz et al. 2009; Qin and Karnieli 2001).

The study of Cheng and Liang (Cheng and Liang 2014)
demonstrated that the accuracy of predicting BBE with seven
MODIS spectral albedos was better than that using any single
spectral albedo, because the information provided by single
spectral albedo is limited. They established multiple linear
relationships between BBE and seven MODIS spectral
albedos for non-vegetated surfaces at a 1 km spatial reso-
lution as well as between BBE and AVHRR visible and near-
infrared channel reflectances (Cheng and Liang 2013, 2014).
These relationships were adopted to produce operational
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global BBE products with spatiotemporal resolutions of
eight days andl km and 0.05° from MODIS and AVHRR
optical data, from 1981 to 2015 (Liang et al. 2013). The
eight-day, 1 km BBE derived from MODIS spectral albedos
has a validation accuracy of 0.02 at pseudo-invariant sand
dune sites (Dong et al. 2013). This global spatial-temporal
complete BBE dataset facilitates the study of surface radia-
tion energy balance at both global and regional scales.

Certainly, the incorporation of other channels in optical
spectral range can improve the accuracy of surface emis-
sivity estimation and further the accuracy of LST estima-
tion. However, researchers are still prone to use red
reflectance to calculate surface emissivity (Tardy et al.
2016). One of the reasons may be that the physical con-
nection between surface emissive and reflective variables is
unclear. Whether a physical connection exists between
surface emissive and reflective variables remains unknown.
The purpose of this study is to explore this relationship
from the point of radiative transfer theory, which is the
basis of quantitative remote sensing.

Method

The optical constants of various minerals that cover the
spectral range from 0.44 to 13.5 pm in conjunction with
modern radiative transfer models were used to produce
surface reflectance and emissivity spectra. The relationship
between surface emissive and reflective variables was
investigated using the simulated data. Figure 1 shows the
flowchart of our method. The optical constants of the
various minerals and the effective radius of the particles are

Radius of
Particle

Database of
Optical Constant

Mie Theory &
Correction for
Densely Pack

Hapke Model

Surface Reflective
& Emissive Spectra

Statistical
Regression

Fig. 1 The flowchart for investigating the physical linkage between
surface reflectance and emissivity
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input into the Mie Code to produce Mie parameters (the
single-scatter albedo and asymmetry factors) for single
particle (Mie 1908; Mishchenko et al. 2002); then, the
dense-packing effects are considered using a static struc-
ture factor correction (Mishchenko and Macke 1997). The
corrected Mie parameters are then input into modern
radiative transfer model, the Hapke model (Hapke 2012),
to produce the simulated nadir viewing surface reflectance
and emissivity since the Hapke model has good perfor-
mance in simulating directional reflectance and emissivity
for semi-infinite media (Cheng et al. 2010; Pitman et al.
2005). The simulated surface reflectance and emissivity
spectra are used to analyse the relationship between surface
emissive and reflective variables.

The optical constant comes from the Jena—St. Peters-
burg database of Optical Constants (JPDOC, http://www.
astro.spbu.ru/JPDOC/f-dbase.html). The database contains
references to the papers, data files and links to Internet
resources related to measurements and calculations of the
optical constants in the wavelength interval from X-rays to
the radio domain. The materials considered are amorphous
and crystalline silicates of different types, various ices,
oxides, sulfides, carbides, carbonaceous species from
amorphous carbon to graphite and diamonds and some
other materials of astrophysical and terrestrial atmospheric
interest. The data on different minerals that could be
downloaded from the website in the spectral range from
0.44 to 13.5 um were adopted. In total, we obtained 42
samples, including silicates, oxides, sulfides, etc. The
optical constants of the selected minerals are shown in
Fig. 2.
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Fig. 2 The optical constants of selected minerals from JPDOC

Results and Discussion

The Mie code was used to simulate the Mie parameters for a
single particle assuming that the effective radius of the particle
was 50 um for the purpose of saving computation time. Fig-
ure 3 shows the simulated Mie parameters. The spectral range
of surface reflectance ranged from 0.44 to 2.18 pm, covering
the spectral range of seven MODIS optical channels. The
spectral range of surface emissivity was 8—13.5 um. The
single-scatter albedo and asymmetry factor both have large
variations. The simulated Mie parameters were corrected for
the dense packing of particles using the static structure factor
correction (the filling factor was set as 0.2) and then input into
the Hapke model. The formulae of Hapke reflective and
emissive model are provided as below with the assumption
that the particles emit and scatter isotropically (Hapke 2012).

ra(e) = (1—7)/(1 + 2) (1)
sale) = 7 ff;j; 2)

where ry4(e) and ¢4(e) and hemisphere-directional reflec-
tance and directional emissivity; 4 = cos(e) and e is viewing
zenith angle; y = v/1 — w and w is the particle single scat-
tering albedo. The simulated nadir viewing surface reflec-
tance and emissivity spectra are shown in Fig. 4. The shape
of the simulated surface reflectance spectra was similar to
that of soil and rocks, but it had a large variation that ranges
from approximately 0.15 to 0.7. Most of the simulated
emissivity spectra had a high value except for several
emissivity spectra in the spectral range of 11-13.5 pm. Note
that the well-known “Reststrahlen Bands”, a broad mini-
mum of emissivity in silica minerals associated with inter-
atomic stretching vibrations of Si and O bound in the crystal
lattice (Gillespie 2014), did not appear in the simulated
emissivity spectra. The Hapke model is capable of repro-
ducing the shape of “Reststrahlen Bands”(Garcia-Santos
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Fig. 3 The single-scattering albedo and asymmetry factor simulated by the Mie code
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Fig. 4 The reflectance and emissivity spectra simulated by the Hapke Model

et al. 2016; Pitman et al. 2005). The “Restrahlen Bands” in
the emissivity spectrum of silica (quartz) is determined by its
optical constant. The optical constant of the collected sam-
ples in this study are different from the optical constant of
silica (quartz) (Spitzer and Kleinman 1961). Thus, “Res-
trahlen Bands” is not presented in the simulated emissivity
spectra.

The simulated surface reflectance spectra were con-
volved with the filter functions of seven optical channels of
Landsat TMS5 to generate the corresponding channel
reflectances and emissivity. The linear relationship
between emissivity and red reflectance was very weak, but
a significant multiple linear relationship was found:

¢ =0.988 — 0.496R, + 1.186R, — 0.737Rs (3)

where ¢ is the emissivity of channel 6 and R; is the Landsat
reflectance for channel i. The formula and the coefficient for
each variable are significantly below the confidence level of
P < 0.05. The determination coefficient is 0.811. The bias
and RMSE are 0.001 and 0.006, respectively. The fitting
results are shown in Fig. 5. The simulated surface reflectance
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Fig. 5 The scatterplot of simulated emissivity versus the predicted
emissivity using Eq. (3)

spectra were also convolved with the filter functions of
MODIS seven optical channels to produce the corresponding
spectral albedos assuming surface is lambertian.

In addition, the surface BBE was calculated from the
simulated emissivity spectra assigned surface temperature
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Fig. 6 The relationship between simulated broadband emissivity and
the predicted broadband emissivity using Eq. (4)

as 300 K (Cheng et al. 2013). After obtaining the surface
spectral albedos and BBE, a significant multiple linear
function was derived:

evp = 0.989 — 0.2920) — 0.3770t3 + 0.68804 — 0.02707
(4)

where ¢, is the BBE, and o; is the MODIS spectral albedo
for channel i. The determination coefficient is 0.753. The
bias and RMSE are le-6 and 0.003, respectively. The fit-
ting results are shown in Fig. 6. Clearly, a physical linkage
exists between surface emissive and reflective variables.

To our knowledge, this is the first time the physical linkage
between surface emissive and reflective variables has been
clarified based on radiative transfer theory. Although many
optical constants exist in the JPDOC, data covering the spec-
tral range of 0.44—13.5 um are very scarce. Thus, the number
of samples used in this study is limited. If new data become
available, we will incorporate them and re-examine the link-
age. On the other hand, minerals are only one of the compo-
nents of soil and rocks and cannot fully represent non-
vegetated surfaces. Thus, the established formula may be
unstable, and the fitting results may not always be acceptable.
But formulating emissivity as a multiple linear function of
channel reflectances is still better than the currently used
constant assumption or a linear function of red reflectance over
non-vegetated surfaces. Thus, we strongly suggested to
replace the red reflectance by a multiple linear function of
reflectances in optical region for estimating surface emissivity
in the single channel algorithm.

Summary

For a sensor with only one or two thermal infrared chan-
nels, it is difficult to retrieve the surface emissivity from
the received emissive signal. An empirical relationship
between surface emissivity and red reflectance is

established for predetermining surface emissivity to
retrieve LST. This study attempted to explore their inner
physical basis with the help of radiative transfer theory.

The optical constants of various minerals that cover the
spectral range from 0.44 to 13.5 pm were downloaded
from the JPDOC database. With these optical constant
data, the Mie parameters (single-scatter albedo and asym-
metry factor) were calculated with the Mie code and input
into the Hapke model after correction for densely packed
particles to produce surface reflectance and emissivity
spectra. With these spectra, the channel reflectance and
emissivity for Landsat TMS were produced and used to
analyse their relationship. The linear relationship between
emissivity and red reflectance was very weak, but a more
accurate function that expressed surface emissivity as a
multiple linear function of reflectances was derived. The
corresponding BBE and MODIS spectral albedos was also
calculated and used to investigate their relationship, and
similar results were obtained.

This paper demonstrates that there is a physical linkage
between surface emissive and reflective variables, and
provides a theoretical perspective on estimating emissivity
for a sensor with only one or two thermal infrared channels.
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