
1588 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 48, NO. 3, MARCH 2010

A Stepwise Refining Algorithm of Temperature
and Emissivity Separation for Hyperspectral

Thermal Infrared Data
Jie Cheng, Shunlin Liang, Senior Member, IEEE, Jindi Wang, and Xiaowen Li

Abstract—Land surface temperature (LST) and land surface
emissivity (LSE) are two key parameters in numerous environ-
mental studies. In this paper, a stepwise refining temperature and
emissivity separation (SRTES) algorithm is proposed based on
the analysis of the relationship between surface self-emission and
atmospheric downward spectral radiance in a narrow spectral
region. The SRTES algorithm utilizes the residue of atmospheric
downward spectral radiance in the calculated surface self-
emission as a criterion and adopts a stepwise refining method to
determine both the emissivity at the location of an atmospheric
emission line in a narrow spectral region and the surface temper-
ature. Three methods have been used to evaluate the SRTES algo-
rithm. First, numerical experiments are conducted to evaluate if
the SRTES algorithm can accurately retrieve the “true” LST and
LSE from the simulated data. When a noise equivalent spectral
error of 2.5 e−9 W/cm2/sr/cm−1 is added into the simulated
data, the retrieved temperature bias (Tbias) is 0.04 ± 0.04 K,
and the root-mean-square error (rmse) of the retrieved emissivity
is below 0.002 except in the extremities of the 714–1250 cm−1

spectral region. Second, in situ measurements are used to validate
the SRTES algorithm. The average rmse of the retrieved emissivity
of ten samples is about 0.01 in the 750–1050 cm−1 spectral region
and is 0.02 in the 1051–1250 cm−1 spectral region, but the rmse
is larger when the sample emissivity is relatively low. Third, our
new algorithm is compared with the iterative spectrally smooth
temperature and emissivity separation (ISSTES) algorithm using
both a simulated data set and in situ measurements. The compari-
son demonstrates that the SRTES algorithm performs better than
the ISSTES algorithms, and it can overcome some of the common
drawbacks in the existing hyperspectral TES algorithms for the
accurate retrieval of both temperature and emissivity.

Index Terms—Hyperspectral, remote sensing, stepwise, temper-
ature and emissivity separation (TES).
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I. INTRODUCTION

R EMOTELY sensed land surface temperature (LST) and
land surface emissivity (LSE) have been extensively uti-

lized in a wide variety of fields, such as radiation budget
estimation [1]–[7], drought monitoring [8]–[11], and geological
studies [12]–[16]. Unfortunately, LST and LSE are coupled,
and their separation from the radiometric measurements rep-
resents an ill-posed problem in nature [7], [17], i.e., solving
N + 1 unknown (N emissivity values and one temperature)
with N equations (N spectral bands). Some constraints must
be imposed to reduce the number of unknowns that need to be
estimated. Many scientists have tackled this ill-posed problem,
and some algorithms have been proposed since the advent of
spaceborne thermal infrared remote sensing, including refer-
ence channel [12], emissivity normalization [18], temperature-
independent spectral index algorithm [19], day/night [20]–
[22], spectral ratio [23], alpha emissivity [24], gray body
emissivity [25], temperature and emissivity separation (TES)
[26], iterative spectrally smooth temperature and emissivity
separation (ISSTES) [27], [28], multipixel [29], optimization
[30], online/offline method [31], multilayer-perceptron-based
temperature emissivity separation [32], and correlation-based
temperature emissivity separation (CBTES) [33]. One of the
common characteristics of all these algorithms is reliance
on multispectral thermal infrared data. The problem is that
the used constraints are unstable, meaning that tiny pertur-
bations in the data lead to large changes in the recovered
temperature and emissivity, and results sometimes have lim-
ited applicability, e.g., the day/night emissivity differences of
coregistered pixels are assumed to be negligible but this as-
sumption is not usually true [26], the assumption in the gray
body emissivity method is not usually accomplished [34], and
the MMD relationship does not hold as surface emissivity is
low [30], [35]. Hyperspectral thermal infrared observations
can enable us to pose more physically meaningful constraints
and simultaneously determine LST and LSE with higher
accuracy [31].

For typical physically based LST and LSE separation al-
gorithms designed for hyperspectral thermal infrared data, a
series of initial surface temperatures is first generated. The
corresponding emissivities are then calculated, and finally, an
optimized surface temperature is derived based on some cri-
teria refined from the relationship between the calculated sur-
face emissivities and atmospheric downward spectral radiance
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[27], [28], [31], [33], [36]. Once surface optimized temperature
is derived, surface emissivity can be easily calculated from
the radiometric measurements. However, emissivity calculation
is numerically unstable. Emissivity that is obviously different
from its neighbors in value, and much larger than one or far
less than zero, always appears in the calculated emissivity
spectra. This kind of emissivity is called singular emissivity
[32], [33]. In the ISSTES algorithm, the smoothness for the
calculated emissivity spectrum becomes very large if it contains
singular emissivities. A direct consequence of this is that its
corresponding temperature is labeled as inaccurate whether it
is or not. Singular emissivity changes the correlation coeffi-
cient between the calculated emissivity spectrum and the at-
mospheric downward spectral radiance in the CBTES algorithm
and affects the estimation of surface temperature. Therefore,
singular emissivity makes the refined criteria unworkable and
affects the surface temperature derivation, as well as that for
the surface emissivity.

To overcome these drawbacks of the existing hyperspectral
TES algorithms and to achieve high accuracy of temperature
and emissivity retrieval, we propose a new TES algorithm in
this paper. The theoretical basis of the algorithm is presented in
Section II. Section III describes the simulated data, the retrieved
accuracies using our new algorithm, and sensitivity analysis. In
Section IV, the algorithm is applied to in situ measurements,
and the retrieved temperature and emissivity values are com-
pared with those derived from the ISSTES algorithm. A brief
discussion and a short conclusion are provided in Sections V
and VI, respectively.

II. THEORETICAL BASIS

The general formulation of the band radiance received by the
thermal infrared sensor at the viewing direction (θr, φr) can be
expressed as

Lj(θr, φr)=τj(θr, φr)εj(θr, φr)Bj(Ts)+Latm↑,j(θr, φr)

+ τj(θr, φr)
∫

2π

ρb,i(θi, φi, θr, φr)Latm↓,j(θi, φi) cos θi dΩi

(1)

where j refers to the sensor band; Lj(θr, φr) is the at-sensor
directional radiance; τj(θr, φr) is the total atmospheric trans-
mittance from the surface to the sensor; εj(θr, φr) is the
directional emissivity; Bj(Ts) is the radiance emitted by a
blackbody at the surface temperature Ts; Latm↑,j(θr, φr) is the
upward radiance directly emitted by the atmosphere between
the sensor and surface; ρb,i(θi, φi, θr, φr) is the bidirectional
reflectance distribution function, where (θi, φi) is the incident
direction; and Latm↓,j(θi, φi) is the downward radiance emitted
by the total atmosphere.

Assuming that the surface is Lambertian and the atmospheric
effect of the remotely sensed data has been effectively cor-
rected, the ground-leaving radiance (Ljs) can be represented
according to the Kirchhoff’s law

Ljs = εjBj(Ts) + (1 − εj)Latm↓,j (2)

Fig. 1. Spectral variability of surface self-emission, atmospheric downward
radiance, and ground-leaving radiance in 1132–1140 cm−1, assuming a surface
temperature at 300 K, a surface emissivity of 0.85, and a 1976 U.S. Standard
Atmosphere.

where Latm↓,j is the equivalent atmospheric downward
radiance

Latm↓,j =
1
π

∫

2π

Latm↓,j(θi, φi) cos θi dΩi. (3)

In a narrow spectral region of less than 15 cm−1, the Planck
function can be approximated as the linear function of the
wavenumber. The surface emissivity changes slowly with the
wavenumber and can be approximated as a constant. The first
term of the right side of (2) is the surface self-emission that can
be approximated as the linear function of the wavenumber in
a narrow spectral region. The atmospheric downward spectral
radiance contains sharp atmospheric emission lines and exhibits
strong spectral contrasts. As shown in (2), since the ground-
leaving spectral radiance is equal to the surface self-emission
plus the reflected atmospheric downward spectral radiance, it
contains the reduced atmospheric emission at the positions
of atmospheric emission lines and cannot be approximated as
the linear function of the wavenumber in general. The rela-
tionship between the surface self-emission, atmospheric down-
ward spectral radiance, and ground-leaving spectral radiance
is shown in Fig. 1, where the surface temperature and emis-
sivity are assigned to be 300 K and 0.85 at all wavenumbers,
respectively, and the atmospheric downward spectral radiance
is simulated by MODTRAN 4.0 with a 1976 US Standard
Atmosphere [37].

The fact that the ground-leaving radiance spectrum cannot be
approximated by a linear function of the wavenumber is caused
primarily by the strong emission line of the atmospheric down-
ward spectral radiance. The recovery of surface self-emission
from (2) needs precise emissivity, assuming that ground-leaving
radiance spectrum and the atmospheric downward spectral radi-
ance are known; otherwise, the recovered surface self-emission
radiance contains the residue of atmospheric downward spectral
radiance. Given an initial emissivity estimate at the position of
the strong emission line, if the emissivities are assumed to be
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Fig. 2. Calculated surface self-emission with a series of given emissivities.

Fig. 3. One of the calculated surface self-emission cases with a given emis-
sivity of 0.95.

constant in the narrow spectral region, we can calculate the
surface self-emission radiance. If the given surface emissivity
is equal to the true value of emissivity at the position of the
atmospheric emission line, the calculated surface self-emission
radiance does not contain the residue of the atmospheric
downward spectral radiance, as shown in Fig. 2. Otherwise,
the calculated surface self-emission radiance contains obvious
atmospheric downward spectral radiance. The residue of at-
mospheric downward spectral radiance in the calculated self-
emission radiance can be used to determine the suitability of
the initial emissivity estimate. The degree of the residue of
atmospheric downward spectral radiance can be characterized
by distance BD in Fig. 3, where B is the point at the position
of the atmospheric emission line, D is the point on line AC,
and its abscissa is the same as point B. If the initial emissivity
estimate is the most suitable, its corresponding residue will be
the least. As we can see from Fig. 4, the distance is the least
when its corresponding emissivity is 0.85.

Since it is difficult to determine which initial emissivity
estimate is more accurate than the others, we propose a step-
wise refining method to determine the surface emissivity εk at
the position of the atmospheric emission line and derive the

Fig. 4. Calculated distance BD corresponding to the data in Fig. 2. The
minimum coincides with an emissivity of 0.85.

TABLE I
SIX NARROW SPECTRAL REGIONS USED

TO DERIVE SURFACE TEMPERATURE

surface temperature Ts from the radiometric measurements at
the position of the atmospheric emission line as follows:

Ts = B−1

(
Lks − (1 − εk)Latm↓,k

εk

)
(4)

where B−1 represents the inverse function of the Planck func-
tion, and k is the position of the atmospheric emission line. To
reduce the effect of instrumental random noise, we select six
narrow spectral regions in 840–1220 cm−1 containing strong
emission lines of water vapor to execute the algorithm (Table I).
Temperature is derived at each selected spectral region. The
final surface temperature T̂ is determined as the mean of these
six temperatures, and surface emissivity can be calculated as
follows:

εj =
Ljs − Latm↓,j

Bj(T̂ ) − Latm↓,j
. (5)

In this algorithm, it is crucial to select a narrow spectral re-
gion that contains strong atmospheric emission lines. After the
spectral regions are selected, the procedure of refining surface
emissivity at the position of the atmospheric emission line can
be described separately in four steps, as shown in Fig. 5.

1) Assign a series of inaccurate initial emissivity estimates
with 0.1 interval at the position of the strong atmospheric
emission line. Surface self-emission is calculated by as-
suming that the surface emissivity in the narrow spectral
region is equal to the initial emissivity estimate. If one of
the initial emissivity estimates matches the actual value,
the calculated distance BD will be the least among all the
calculated distances. In this step, we obtain an optimized
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Fig. 5. Flow diagram of surface emissivity refinement at the position of the
atmospheric emission line.

initial emissivity estimate (e-step1) at the position of the
strong atmospheric emission line.

2) Generate a series of increasingly accurate initial emis-
sivity estimates around e-step1 at 0.01 interval. After
repeating step 1), we obtain a refined initial emissivity es-
timate (e-step2) at the position of the strong atmospheric
emission line.

3) Repeat step 2) based on the refined initial emissivity
estimate e-step2 with an emissivity interval of 0.001.
A more accurate initial emissivity estimate (e-step3) is
obtained from this step.

4) Repeat step 3) based on the refined initial emissivity
estimate e-step3 at an emissivity interval of 0.0001. The
final refined surface emissivity estimate (e-step4) at the
position of the atmospheric emission line is obtained.

III. NUMERICAL EXPERIMENTS

The numerical experiments are first conducted to test the
temperature and emissivity retrieval accuracy using our new
algorithm. The results of TES from in situ measurements will
be given in the next section.

A. Data Preparation

The simulated data set in the numerical experiments is
composed of two parts: ground-leaving spectral radiance and
atmospheric downward spectral radiance. A total of 1208
atmospheric profiles from the Thermodynamic Initial Guess
Retrieval (TIGR) database with water content ranging from
0.40 to 7.36 g/cm2 are selected to model the atmospheric
downward spectral radiance using MODTRAN4.0. For each
atmospheric profile, ten surface temperatures are randomly
generated using a Gaussian function with the mean value equal
to the surface temperature of the profile and a standard deviation
of 3 K; ten surface emissivity spectra are randomly chosen
from 150 natural surface materials (Fig. 6) in the John Hopkins
University (JHU) spectral library, including 96 rock samples,
41 soil samples, four vegetation samples, and nine samples

Fig. 6. Subset of the selected emissivity spectra of various natural surface
materials from the JHU spectral library.

of water, ice, and snow [38]. In the 714–1250 cm−1 spectral
range, surface emissivities are interpolated into 2 cm−1 spectral
intervals. The ground-leaving spectral radiance is calculated
using (2). A random noise-equivalent spectral radiance (NESR)
of 2.5 e−9 W/cm2/sr/cm−1, which is the labeled NESR of the
ABB BOMEM MR 304 spectrometer, is added to the simulated
12 080 pairs of data.

B. Results of Numerical Experiments

The algorithm’s accuracy is characterized by two indices:
temperature bias (Tbias) and emissivity root-mean-square error
(rmse)

Tbias = |T̂ − Ttrue| (6)

where Ttrue is the true temperature, T̂ is the inverted tempera-
ture, and abs represents the absolute value. This index is used
to evaluate the algorithm’s temperature retrieval accuracy

RMSE =

√√√√√
N∑

i=1
(εi,inv − εtrue)2

N
. (7)

Equation (7) is applied to each spectral band, where εi,inv is
the inverted emissivity, εtrue is the true emissivity, and N is the
total number of measurements in each band. There are many
bands in the 714–1250 cm−1 thermal infrared spectral region,
and the accuracy of surface emissivity retrieval is not the same
in each one. Thus, this index is used to evaluate the algorithm’s
emissivity retrieval accuracy in each band.

Fig. 7 shows the scatter plot of true surface temperatures
versus the inverted surface temperatures. High surface tem-
peratures correspond to low Tbias and vice versa; Tbias is
0.04 ± 0.04 K. For each band, rmse is shown in Fig. 8. In
the extremities of the 714–1250 cm−1 spectral region, rmse is
relatively large due to the atmospheric emission line residual
in the derived surface emissivity, which results from imperfect
estimated surface temperature. Without considering the condi-
tions mentioned earlier, the rmse of the retrieved emissivity is
below 0.002.
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Fig. 7. Scatter plot of true surface temperatures versus temperature bias.
Asterisk corresponds to the temperature bias of SRTES, and circle symbol
represents the temperature bias of ISSTES.

C. Comparison With the ISSTES Algorithm

The ISSTES algorithm was originally proposed by Borel
[27], for TES from hyperspectral thermal infrared data, and
has proved to be an effective algorithm with high accuracy
of temperature and emissivity retrieval [31], [36], [39]. In the
ISSTES algorithm, surface emissivity is considered a smooth
function of the wavenumber compared to the atmospheric
downward spectral radiance which contains numerous gaseous
emission lines. Emissivity spectra are first computed using a
series of surface temperatures near the true surface tempera-
ture. Then, the smoothness of emissivity spectra is iteratively
computed, and the smoothest emissivity spectrum is selected
as the best estimation of surface emissivity. The corresponding
temperature is regarded to be the best estimate of surface
temperature.

To demonstrate the advantages of our new algorithm, we use
the ISSTES to derive surface temperature and emissivity with
the same data used in Section III-A and compare the results
with the stepwise refining temperature and emissivity sepa-
ration (SRTES). As shown in Fig. 7, there exist some larger
Tbias’s which are introduced by the singular emissivities re-
sulted from the instability of (5) in the point of numerical
calculation. The value of Tbias is 0.14 ± 0.67 K. It should
be pointed out that the true surface temperature lies within the
6-K range of given surface temperatures. Large Tbias definitely
causes large rmse, as shown in Fig. 8. The rmse of the retrieved
emissivity is below 0.012, excluding the extremities of the
714–1250 cm−1 spectral region.

D. Sensitivity Analysis

The required inputs of our algorithm are the ground-leaving
radiance and atmospheric downward radiance, which are avail-
able after atmospheric correction. No atmospheric correction
is perfect, and there are always errors associated with it. The
errors related to these two quantities can propagate into the
derived surface temperature and emissivity. The potential er-
rors include random instrumental noise, instrument calibration
error, and the atmospheric downward radiance error.

Fig. 8. RMSE for each band.

TABLE II
INFLUENCE OF DIFFERENT LEVELS OF NESR AND SYSTEMATIC
CALIBRATION ERRORS ON SURFACE TEMPERATURE RETRIEVAL

Fig. 9. RMSE for each band at different levels of NESR and systematic
calibration errors.

Sensitivities to NESR and Systematic Calibration Errors:
The influences of random instrumental noise on the accuracy
of surface temperature and emissivity retrieval are investi-
gated by adding different levels of noise equivalent spectral
errors on the simulated ground-leaving spectral radiance and
the atmospheric downward spectral radiance. The results are
shown in Table II and Fig. 9. When the NESR is equal to
the labeled NESR of the ABB BOMEM MR 304 spectrom-
eter, i.e., 2.5 e−9 W/cm2/sr/cm−1, Tbias is 0.04 ± 0.04 K
and increases to 0.36 ± 0.37 K as the NESR increases to
2.5 e−8 W/cm2/sr/cm−1; the rmse of the retrieved emissivity is
below 0.002 when the NESR is 2.5 e−9 W/cm2/sr/cm−1, and
the rmse of the retrieved emissivity is below 0.018 as NESR is
increased to 2.5 e−8 W/cm2/sr/cm−1.
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Fig. 10. Influence of the atmospheric downward radiance errors on surface
emissivity retrieval.

In order to evaluate the influence of systematic calibration
error on surface temperature and emissivity retrieval, 0.5 and
1.0 K systematic calibration errors were added to the noised
ground-leaving spectral radiance and the atmospheric down-
ward spectral radiance, respectively. The added NESRs are
2.5 e−9 and 2.5 e−8 W/cm2/sr/cm−1, respectively. As we can
see from Table II and Fig. 9, Tbias becomes larger with the
increased systematic calibration errors, and the systematic cal-
ibration errors have almost no influence on surface emissivity
retrieval. A systematic calibration error can be thought of as an
additive error. Its effect on the numerator of (5) is eliminated
by a subtraction operation, as is its effect on the denominator
because the retrieved Tbias is almost on the same order of the
systematic calibration error, as shown in Table II.

Sensitivities to Atmospheric Downward Radiance Errors:
To investigate the influence of the atmospheric downward
radiance error on the accuracy of surface temperature and
emissivity retrieval, the temperature and moisture profiles of
the selected 1208 atmospheric profiles in the TIGR database
are shifted by ±1 K and ±10%, respectively, to generate the
simulated atmospheric downward spectral radiance. The added
NESR is 2.5 e−9 W/cm2/sr/cm−1. When the temperature and
moisture profiles are shifted by 1 K and 10%, Tbias is 0.21 ±
0.19 K, and Tbias is 0.22 ± 0.20 K when the temperature and
moisture profiles are shifted by −1 K and −10%. As shown in
Fig. 10, the rmse of the retrieved emissivity is less than 0.007
when the temperature and moisture profiles are shifted by 1 K
and 10%, and it is less than 0.006 when the temperature and
moisture profiles are shifted by −1 K and −10%. The rmse
of the retrieved emissivity is less than 0.002 when only an
NESR of 2.5 e−9 W/cm2/sr/cm−1 is considered. Therefore, the
atmospheric downward radiance error caused by the changes in
temperature and moisture profiles has a strong effect on surface
temperature and emissivity retrieval.

IV. EVALUATION OF THE NEW ALGORITHM

USING IN SITU MEASUREMENTS

A field campaign was conducted in June 2004 on the Pro-
gramme Inter-disciplinaire de Recherche sur la Radiométrie

Fig. 11. Emissivity spectra of selected ten samples calculated from
the laboratory-measured hemispherical–directional reflectance using
Kirchhoff’s law.

Fig. 12. Example of the field-measured ground-leaving spectral radiance and
atmospheric downward spectral radiance spectra for sample maroc.

en Environnement Extérieur experiment site of the Office
National d’Etudeset de Recherches Aérospatiales center of
Fauga-Mauzac [40]. The ABB BOMEM MR 254 spectrometer
and LABSPHERE infragold plate were used to obtain the radio-
metric data of ten samples and the corresponding atmospheric
information, from which the ground-leaving spectral radiance
and the atmospheric downward spectral radiance were derived.
During the measurement, the LABSPHERE infragold plate was
placed at the location of the sample and observed from the
vertical direction. These samples include soils, rocks, and man-
made materials. The spectral resolution was 4 cm−1 (sampling
rate is equal to 2 cm−1). For each sample, ten measurements
were obtained: seven for daytime and three for nighttime. In ad-
dition, the hemispheric–directional reflectance of these samples
was obtained using a BRUCKER-EQUINOX and an integrating
sphere in the laboratory. Fig. 11 shows the emissivity spectra
of the selected ten samples for this study. A pair of the field-
measured data for sample maroc is shown in Fig. 12.

For each sample, the emissivity derived from laboratory-
measured hemispherical–directional reflectance using
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Fig. 13. Emissivity rmse of each band for ten samples. The fine line represents the rmse of SRTES and the thick line for ISSTES rmses. The dotted line
corresponds to an rmse of 0.01. (a) Ardoi. (b) Bois. (c) Maroc. (d) Negev. (e) Pie02. (f) Pie03. (g) Pie06. (h) Pstyr. (i) SablF. (j) Sic.
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Kirchhoff’s law is considered as the true value. Using
the field measurements of atmospheric downward spectral
radiance and ground-leaving spectral radiance, the SRTES and
ISSTES algorithms are used to retrieve the emissivity spectra,
and rmse is calculated for each band using the laboratory-
measured emissivities as truth. Fig. 13 shows the emissivity
rmse of each band for ten samples. From Fig. 13, we can see
the following: 1) On the whole, the rmse derived by the SRTES
algorithm is about 0.01 except for sample pstyr; 2) the rmse is
relatively large when sample emissivity is relatively low, which
has also been found by Kaiser [41]; and 3) the rmse derived by
the SRTES algorithm is lower than that derived by the ISSTES
algorithm. Thus, we can conclude that the new algorithm is
more accurate.

V. DISCUSSION

In Section II, we presented a series of examples by assuming
that surface emissivity was 0.85 at all wavenumbers in the
narrow spectral region. Emissivities in the narrow spectral
region are not equal. Equation (2) can be rearranged as follows
by assuming a mean emissivity ε̄ in the narrow spectral region

Ljs = (ε̄ + ∆εj)Bj(Ts) + (1 − ε̄ − ∆εj)Latm↓,j (8)

where ∆εj is the difference between ε̄ and εj . Surface self-
emission radiance can be derived from (8), assuming that the
surface emissivity at the position of the atmospheric emission
lines is a constant c

Lje = ε̄Bj(Ts) + (c − ε̄)Latm↓,j + ∆εj

(
Bj(Ts) − Latm↓,j

)

(9)

where Lje represents the calculated self-emission radiance. In
the narrow spectral region, ∆εj is on the order of about 0.001.
Bj(Ts) − Latm↓,j makes the last term on the right side of
(9) even smaller, which can be neglected compared with the
first two terms. Thus, the constant emissivity in the narrow
spectral region is not a prerequisite, which has been validated
in the TES using both numerically simulated data and in situ
measurements.

Assuming that (5) is used to calculate emissivity from hyper-
spectral data, the probability of introducing singular emissivity
is very large when the difference between ground-leaving radi-
ance and an object’s blackbody radiation at a given temperature
is in the same order as the random instrumental noise [33],
which implies that the probability of introducing singular emis-
sivity is very large when the difference between the ground-
leaving radiance, the atmospheric downward radiance, and the
object’s blackbody radiation at a given temperature is in the
same order as the random instrumental noise. Singular emissiv-
ity imposes some constraints used in the previous algorithms,
e.g., smooth assumption and correlation criterion will not be in
effect. This, in turn, influences the surface temperature retrieval
and produces larger Tbias at the end, as shown in Fig. 7. The
SRTES algorithm is able to obtain an initial emissivity estimate
under any circumstances, which may be inaccurate, but should
not deviate too far from true emissivity if the algorithm’s
assumption holds true. Moreover, six temperatures retrieved

from the six narrow spectral regions are averaged as the final
estimate of surface temperature, which will make Tbias even
smaller. Thus, the SRTES algorithm can achieve high accuracy
of surface temperature and emissivity retrieval, which can be
seen from Figs. 7, 8, and 12.

VI. CONCLUSION

In this paper, an SRTES algorithm has been proposed
based on the analysis of the relationship between surface self-
emission radiance and atmospheric downward radiance in a nar-
row spectral region. The SRTES algorithm utilizes the residue
of atmospheric downward radiance in the calculated surface
self-emission radiance as a criterion and adopts a stepwise
refining method to determine the emissivity at the location of an
atmospheric emission line in a narrow spectral region. Surface
temperature is then determined. The mean value of six temper-
atures derived at six narrow spectral regions in 840–1220 cm−1

is considered to be the final estimate of surface temperature,
which is then used to calculate surface emissivity. The numeri-
cal experiments are first used to investigate the accuracy of the
algorithm and to carry out sensitivity analyses.

A total of 1208 atmospheric profiles from the TIGR database,
150 natural surface materials from the JHU spectral library, and
ten surface temperatures are combined together to generate the
simulated data set. When an NESR of 2.5 e−9 W/cm2/sr/cm−1

is added into the simulated data, Tbias is 0.04 ± 0.04 K, and
the rmse of the retrieved emissivity is below 0.002 except in the
extremities of the 714–1250 cm−1 spectral region. The results
of the sensitivity analysis show that the systematic calibration
errors of 0.5 and 1.0 K have significant influence on surface
temperature retrieval and almost no influence on emissivity
retrieval. The atmospheric downward radiance error and ran-
dom instrumental noise have significant impacts on temperature
and emissivity estimation, but the SRTES algorithm can still
achieve high accuracy of temperature and emissivity retrievals.

The SRTES algorithm is then applied to in situ measure-
ments. The average emissivity rmse of ten samples is about
0.01 in the 750–1050 cm−1 spectral region and is 0.02 in the
1051–1250 cm−1 spectral region. Emissivity rmse is relatively
large when sample emissivity is relatively low.

The ISSTES algorithm is also used to retrieve surface tem-
perature and emissivity from both simulated data sets and in situ
measurements. The comparison analysis between the SRTES
and ISSTES algorithms strongly suggests that the SRTES algo-
rithm can overcome some common drawbacks in the existing
physically based hyperspectral TES algorithms and achieve
high accuracy of retrieved temperature and emissivity.

At this time, we assume that the atmospheric effect of the
remotely sensed data has been successfully corrected and the
input of our algorithm is known. This is not always the case. In
the future, we will extract atmospheric correction parameters
and estimate the atmospheric downward spectral radiance from
airborne/spaceborne thermal infrared hyperspectral data. The
extension of the SRTES to other data sets of varying spectral
regions and resolutions, from AQUA/AIRS’s nearly 0.5 cm−1

spectral resolution [42] to SEBASS’s 7 cm−1 spectral resolution
at 890 cm−1 [14], is underway.
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