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Abstract— When ground-leaving radiance from low-
temperature surface is similar to downwelling radiance from the
sky, the singular values arise in the retrieved land surface emis-
sivity (LSE) at some specific spectral bands. In addition, too many
singular values eventually cause temperature/emissivity separa-
tion algorithms to fail. To reduce the occurrence of these singular
points, we formulate two indices, including the land-atmosphere
radiance contrast index (LACI) and neighbor band contrast
index (NBCI). LACI characterizes the contrast between surface
radiance and sky downwelling radiance. NBCI characterizes the
contrast between the radiance at neighboring bands. These two
indices are used as filters to select bands which participate in
the iterative spectrally smooth calculation. Thus, we modify the
iterative spectrally smooth temperature and emissivity separation
(ISSTES) algorithm for low-temperature surfaces. Two methods
have been used to evaluate the modified algorithm. First,
numerical experiments are conducted to evaluate if the modified
algorithm can accurately retrieve the “true” LSE from the sim-
ulated data. Second, an artificial low-temperature surface cooled
by liquid nitrogen is measured to validate the modified algorithm.
The results show that the modified algorithm can effectively
avoid singular values, and behaves much better than the original
algorithm with errors of less than 0.01 in retrieved emissivity
when applied to low-temperature regions, while the modified
algorithm brings limited improvement in retrieved temperature.

Index Terms— Emissivity, hyperspectral thermal infrared
(TIR), low temperature, temperature and emissivity separation
(TES).

I. INTRODUCTION

LAND surface emissivity (LSE) is a basic parameter
in thermal infrared (TIR) remote sensing. The concept

of LSE has been well discussed [1]–[4]. LSE is the key
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parameter in radiation budget estimation, energy balance
research and water circle studies for land-atmosphere sys-
tems [5]–[7]. As an intrinsic property of natural materials,
LSE was used for mineral mapping and geological studies
[8]–[10], [42]. A recent study showed that LSE can be used
to classify plant species [38]–[40].

Emissivity retrieval from radiometric measurements is an ill-
posed problem that obtains N spectral radiance measurements
and needs to find N +1 unknowns (i.e., N emissivities and one
temperature) [16]. In recent decades, considerable efforts have
been devoted to solving temperature and emissivity separation
(TES). Many algorithms have been developed, including
the temperature-independent spectral indices method [20],
spectral ratio method [21], two-temperature method [22],
reference channel method [23], TES method for Advanced
Spaceborne Thermal Emission and Reflection Radiometer
(ASTER) [25], gray-body method [26], alpha emissivity
method [27], day/night method [28], stepwise refining
method [29], piecewise linear regression [30], neural network
method [31], [32], and spectral smooth method [16], [17], [33].
For comprehensive reviews, please refer to [18] and [19].

The iterative spectrally smooth temperature and
emissivity separation (ISSTES) algorithm was proposed
by Borel [16], [17]. It is widely used to retrieve land surface
temperature (LST) and emissivity from ground-based and
airborne/spaceborne hyperspectral TIR data. For normal
temperature surfaces, ISSTES has an excellent accuracy with
an error of 0.0004 in retrieved emissivity[34]. ISSTES has
been accepted as a standard to examine the accuracy of new
algorithms (NAs) [29]–[33].

Low-temperature regions on the Earth, such as polar ice
caps and frozen soils on the Tibet Plateau, often respond to
global change more significantly than other regions. These
low-temperature regions play an indicative role in global
change research [11]–[15]. For low-temperature regions, when
the downward radiance is comparable to the surface radiance,
the retrieved emissivity error increases, and a singular value
occurs at some specific bands. Until now, there have been few
studies on the emissivity retrievals of low-temperature targets.

Fortunately, due to the narrow spectrum of downward
atmospheric radiation, some bands of atmospheric radiation
are close to the surface radiation in hyperspectral infrared
measurements; meanwhile, others are still in the normal range
which differs from the surface radiation far enough to retrieve
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emissivity precisely. Finding these normal bands is the critical
step for improving the TES algorithm for low-temperature
regions. In this article, we define two indices. One character-
izes the contrast between the downward radiance and surface
radiation, and the other characterizes the contrast between
the downward radiance at two neighboring bands. These two
indices are used to select suitable bands to participate in the
ISSTES operation and avoid singular values. The modified
ISSTES algorithm is evaluated synthetically with numerical
experimental data generated by MODTRAN 4.0 with ther-
modynamic initial guess retrieval (TIGR) atmospheric pro-
file data and the John Hopkins University (JHU) spectra
library database. A field measurement was conducted to verify
the NA. This article is organized as follows. Section II reviews
the theoretical background and algorithm structure of the
ISSTES algorithm. Section III introduces the modification of
the algorithm. Section IV discusses the performance of the
algorithm. Section V describes the field measurement to verify
the NA, and Section VI provides the summary of the full
article.

II. THEORETICAL BACKGROUND

A. Theory Basis

The spectral radiance received by the spectrometer can be
seen as the sum of three components, which are the radiance
emitted at the surface, the reflectance of the atmospheric
downward radiance at the surface, and the atmospheric upward
radiance. The radiative transfer equation (RTE) in the TIR
band can be written as follows:

Lλ(θr ,�r ) = τλ(θr ,�r )ελ(θr ,�r )Bλ(Ts)

+ τλ(θr ,�r )

∫
2π

(ρλ(θi ,�i , θr ,�r ))

× Latm↓,λ(θi ,�i ) cos θi d	

+ Latm↑,λ(θr ,�r ) (1)

where Lλ(θr , �r ) is the spectral radiance received by the
spectrometer at band λ at zenith angle θr and at azimuth
angle �r ; τλ(θr , �r ) is the spectral transmittance of the
atmosphere from the surface to the spectrometer; ελ(θr , �r )
is the spectral directional emissivity; Bλ(Ts) is the spectral
radiance emitted by a blackbody at surface temperature Ts and
can be calculated with Planck’s law; ρλ(θi , �i , θr , �r ) is the
surface’s bidirectional reflection distribution function (BRDF);
Latm↓,λ(θi , �i ) is the downward spectral radiance emitted by
the total atmosphere at the illumination zenith angle θi and
azimuth angle �i ; and Latm↑,λ(θr , �r ) is the upward spectral
radiance emitted by the atmosphere from the surface to the
spectrometer.

Equation (1) can be reformed to the following equation:

Lλ(θr ,�r ) = τλ(θr ,�r )L leaving,λ(θr ,�r )

+ Latm↑,λ(θr ,�r ) (2-a)

L leaving,λ(θr ,�r ) = ελ(θr ,�r )Bλ(Ts)

+
∫

2π
(ρλ(θi ,�i , θr ,�r ))

× Latm↓,λ(θi ,�i ) cos θi d	 (2-b)

where L leaving,λ is the ground leaving radiance, which is
composed of emission items and reflectance items and can
be measured directly at the bottom of the atmosphere (BOA).
Once the atmospheric transmittance and upward radiance are
determined, the land-leaving radiance spectra can also be
determined from the airborne/spaceborne measured radiance
spectra. This process is called atmospheric correction

L leaving,λ(θr ,�r )

= (Lλ(θr ,�r ) − Latm↑,λ(θr ,�r ))/τλ(θr ,�r ). (3)

To simplify questions, the surface is often assumed to be
Lambertian. Then, (2-b) can be simplified as follows:

L leaving,λ = ελBλ(Ts) + ρλ

∫
2π

Latm↓,λ(θi ,�i ) cos θi d	 (4)

where
∫

2π Latm↓,λ(θi , �i ) cos θi d	 is the hemispherical inte-
gration of atmospheric downward radiation, denoted as
Latm↓,λ. According to Kirchhoff’s law, ρλ = 1 − ελ. Then,
(4) can be written as follows:

L leaving,λ = ελ Bλ(Ts) + (1 − ελ)Latm↓,λ. (5)

Reforming (5), we can obtain the surface temperature for-
mula as follows:

Ts = B−1
λ ((L leaving,λ − (1 − ελ)Latm↓,λ)/ελ) (6)

where B−1
λ () is the inverse Planck function.

Then, emissivity can be expressed as the following
equation:

ελ = (L leaving,λ − Latm↓,λ)/(Bλ(Ts) − Latm↓,λ) (7-a)

ελ = (Lλ(θr ,�r ) − τλ(θr ,�r )Latm↓,λ

− Latm↑,λ(θr ,�r ))/(τλ(θr ,�r )(Bλ(Ts) − Latm↓,λ))

(7-b)

where Latm↓,λ can be given by the atmospheric correction
module. Many studies have discussed atmospheric correc-
tion. Ground-based measurements adopt (7-a), while air-
borne/spaceborne measurements adopt (7-b). The remaining
question is how to solve the TES. Unfortunately, this requires
solving N + 1 unknowns (N emissivity values and one tem-
perature) with N equations (N measured spectral radiance),
which is a typical ill-posed question. Some constraints must
be posed as prior knowledge to make the equations soluble.

B. Review of ISSTES

The individual molecules in a gas are isolated free and tend
to emit a narrow spectral radiance, while solid molecules are
fixed in the crystal lattice and tend to emit a wide spectral radi-
ance. There is a sharp contrast of the TIR emissivity spectral
feature between a solid and gas. Since the LSE spectrum is
rather smooth compared with the spectral features introduced
by the atmosphere, when the estimated temperature is not the
best, there is a residual of the rugged downward radiance
spectral curve in the emissivity. Then, the contrast between
neighboring bands’ emissivities can be used as constraints to
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solve the TES problem, which is the main idea of ISSTES [16].
The smoothness of spectral emissivity is defined as follows:

σ = STDEV

(
ελ − ελ−1 + ελ + ελ+1

3

)
(8)

where σ is the smoothness. STDEV is the standard deviation
(stdev) operator.

The main steps of ISSTES are as follows.

1) Given a typical value of 0.95 for the emissivity, we can
obtain the estimated temperature Test by (6) and can
generate a series of temperatures in a range around Test,
denoted as Tn , n = 1, 2, . . . , N .

2) Calculate a series of spectral emissivities εn by (7)
according to Tn .

3) Calculate a smoothness series by (8), denoted as σn ,
according to εn .

4) Obtain the best-estimated temperature Topt by searching
the minimum smoothness.

Once the best-estimated temperature is given, the emissivity
spectrum can be calculated by (7).

Borel [17] proposed another version of the TES algorithm
in which the difference between the calculated and measured
radiance was used as the criterion to determine the best
temperature. Theoretically, the advantage of this method is
that it can extend the work band to the low atmospheric
transmittance region instead of being suitable for the low
temperature. Because of the extensive citation and verification
of the ISSTES algorithm [29]–[34], [37], we choose the
emissivity smoothness as the criterion in our algorithm.

C. Effects of Low Temperature

The ISSTES algorithm performs well for normal-
temperature targets [34]. In practical applications, we find
that it suffers from many singular values when applied to
low-temperature targets. Two main mechanisms can explain
the effect of low temperature on the ISSTES.

1) Due to the surface-emission radiance reduction, the con-
trast between the atmospheric downward radiation
and the radiation leaving the low-temperature sur-
face is weak. When the downward radiance from the
atmosphere is close to the ground leaving radiance,
the denominator terms of (7-a) and (7-b) will be close
to 0, resulting in instability of the division. The effects of
instrument noise and calibration error will be amplified,
which leads to the occurrence of singular values.

2) For the low-temperature regions on the Earth,
the atmosphere is often cold and dry. The characteristics
of the absorption/emission lines caused by water
vapor or other gases are faded. There is a weak
contrast between the land and atmosphere emissivity
spectral features. This phenomenon will undermine
the assumption of the ISSTES algorithm. If the
downwelling radiance exceeds ground leaving radiance
for some bands and be less than the blackbody’s
radiance of the surface temperature, the emissivity will
be calculated by (7-a) to be a negative value.

III. MODIFICATION OF THE ALGORITHM

The main idea of our study is to develop indices to
describe the two main mechanisms that reduce the accuracy of
the ISSTES algorithm caused by the low-temperature effect.
We construct a weight function based on the developed indices
and give different weight coefficients to different bands for
estimating the temperature. We use interpolation technology
to fill the singular band emissivity calculation step.

A. Land-Atmosphere Radiance Contrast Index (LACI)

To characterize the contrast levels of ground-atmosphere
radiance, we design an index, land-atmosphere radiance con-
trast index (LACI), which is formulated as (9). It is the
ratio of the absolute value of the difference between the
ground leaving radiance and the downward radiance from
the atmosphere to the ground leaving radiance. This index
depends on the wavelength. Normally, LACIλ varies in the
range 0–1. When LACIλ is 0, the downward radiance from
the atmosphere equals the ground leaving radiance at band λ.
As LACIλ increases, the land-atmosphere radiance contrast
becomes stronger

L AC Iλ = ABS(L leaving,λ − Latm↓,λ)/L leaving,λ (9)

where ABS() is the absolute value operator.
The mean value of this index, LACI, can be derived by

averaging the LACIλ

LACI =
(

NM∑
λ=1

LACIλ

)/
NM (10)

where NM is the number of bands within the measurement
spectral range.

B. Neighbor Band Contrast Index (NBCI)

We also designed an index, neighbor band contrast index
(NBCI), to measure the contrast between the atmospheric
downwelling radiance at adjacent bands [see(11)]. When
NBCIλ is 0, the atmospheric downward radiation spectrum
curve is flat at band λ, and band λ is not suitable for
inverting the emissivity. As NBCIλ increases, the sharper spec-
tral contrast of atmospheric downward radiation is reflected
in the ground leaving radiance, resulting in resolving TES
robustly

NBCIλ
= ABS(2×Latm↓,λ − Latm↓,λ−1 − Latm↓,λ+1)/(2×L leaving,λ).

(11-a)

NBCIλ represents the extent to which downwelling
atmospheric radiance at the current spectral position deviates
from adjacent bands. The mean value of this index, NBCI, can
be calculated by averaging the NBCIλ

NBCI =
(

NM∑
λ=1

NBCIλ

)/
NM. (11-b)
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Fig. 1. Modified ISSTES algorithm workflow chart.

C. Weight Function

Even though TIR hyperspectral data provide rich informa-
tion, not all bands provide useful information for solving TES.
Instead, some bands may introduce errors for low-temperature
targets. The ISSTES is based on the assumption that the
retrieved emissivity is spectral rough until the temperature
is right. The spectral roughness of the retrieved emissivity is
the residual of downwelling radiance. These bands with low
NBCIλ will produce smooth emissivity regardless what value
the temperature is given. So they provide little contribution
for TES. These bands with low LACIλ even bring errors in
solving TES due to the instability of division by a too small
denominator. We design the weight function [see(12)] to reflect
each band’s contribution for solving TES. The weight function
is composed of two parts. One is the binarization function:
when LACIλ is greater than or equal to a threshold Ca ,
the binarization function returns 1; otherwise, it returns 0. The
other is the normalized NBCIλ

Wλ = WG,λ × WN,λ (12-a)

WG,λ =
{

1, |LACIλ ≥ Ca

0, |LACIλ < Ca
(12-b)

WN,λ = NBCIλ/MAX(NBCI). (12-c)

Determining the threshold Ca is discussed in Section IV-B.

D. Modified Algorithm Construction

We retain the main structure of the ISSTES algorithm,
which was mentioned in Section II-B. We modified the
ISSTES process with two steps: step 3 and step 5 (Fig. 1).

In step 3, the weight function [see(12)] is used to calculate
the smoothness of the spectral emissivity. Equation (8) is
rewritten as (13) in the modified algorithm

σ = STDEV

((
ελ − ελ−1 + ελ + ελ+1

3

)
× Wλ

)
. (13)

When WG,λ = 0, the emissivity at band λ is singular.
In step 5, after obtaining the emissivity spectrum by (7),
we filter out the singular values and interpolate the neighboring
bands’ emissivity for substitution using (14), where we assume

that the atmospheric emission band is narrower than the
instrument’s band

εi,λ =
{

ελ, |WG,λ = 1

(ελ−1 + ελ+1)/2, |WG,λ = 0.
(14)

IV. ALGORITHM PERFORMANCE

We evaluate the NA in two aspects. First, compared with
the original ISSTES algorithm, we examine the accuracy of
the NA under various conditions, including different LSTs,
different ground atmospheric radiation contrast conditions
and different neighboring band radiation contrast conditions.
Second, we analyze the sensitivity of the NA to instrument
noise and atmospheric correction error. We use simulated
data to perform the evaluation. The following measures are
adopted to describe the accuracy of the algorithm, including
the absolute value error of the estimated temperature for an
individual retrieval

eT ,in = |Test − Ttrue|. (15)

The root-mean-square error (RMSE) of the retrieved temper-
ature for a retrieval group with ND members is

RMSET,gp =
√∑ND

i=1(Test,i − Ttrue,i )2

ND
. (16)

The RMSE of the retrieved and true emissivity difference for
one individual emissivity spectrum with NM bands is

RMSEε,in =
√∑NM

j=1(εest, j − εtrue, j )2

NM
. (17)

The RMSE of the retrieved and true emissivity difference for
a data set with ND member emissivity spectra with NM bands
is

RMSEε,gp =
√∑ND

i=1
∑NM

j=1(εest,i[ j ] − εtrue,i[ j ])2

ND × NM
(18)

where Test and Ttrue are the estimated and true temperature,
respectively, and εest and εtrue are the estimated and true emis-
sivity, respectively. In the following analysis and evaluation,
the input temperature and emissivity values for simulation are
taken as the true temperature and emissivity.

A. Simulated Data

Before evaluating the modified algorithm, we simulate land
leaving radiance spectra and downwelling radiance spectra
using MODTRAN 4.0 with TIGR atmospheric profile V3
data set [35] and the JHU spectra library database [36].
As we are concerned with the low-temperature situation,
we set the surface temperature from 240 to 270 K at
intervals of 10 K. Galve et al. [44] illustrated that there is a
statistical correlation between the LST and temperatures of
the first layer of atmospheric profile (T0). LST varies in the
range of T0±20K. Therefore, we select 1535 representative
atmospheric profiles from TIGR data set with the first-layer
temperature in the range of [220K, 290K], They are
adopted as inputs for the MODTRAN 4.0 code to generate
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Fig. 2. Emissivity RMSE changed with the threshold Ca .

1535 downwelling radiance spectra. Five typical surface
(including soil, snow, man-made object, limestone, and
sandstone, noted as SP1–SP5, respectively) emissivity spectra
selected from the JHU spectral library are used to mimic the
land leaving radiance. In the simulation process, the spectral
resolution is set to 1 cm−1, the noise-equivalent temperature
is set to 0.3 K, and the spectral range is set to 800–1250 cm−1

(8.0–12.5 μm). Then, we acquire 1535 × 5 × 4 pairs of
simulation data, including the atmospheric downwelling
radiance spectra and ground leaving radiance spectra.

B. Determining the Value of Ca

To determine the optimal value of Ca , we change the
Ca value in the range from 0 to 0.6 with an interval of 0.02.
Random noise of 0.3 K noise-equivalent temperature differ-
ence (NETD) is added to the simulation data. Then, we retrieve
the emissivity from the simulation data using the NA with
different Ca. Then, the relationship between the Ca value and
emissivity RMSE is obtained (Fig. 2). Ca is the threshold of
LACI, which was defined as (9). Under normal circumstances,
atmospheric downwelling radiance is small relative to the
land leaving radiance and LACI tends to be high. For low-
temperature surface, because of the weak radiance omitted
from surface, when Latm↓,λ is close to L leaving,λ in atmospheric
emission bands, LACI approaches zero and the retrieved
emissivity falls in the singular value. Ca is designed to screen
these abnormal bands [see (12-b)]. When the Ca is too low,
the retrieved emissivity will suffer from instability of division
due to the low LACI. When the Ca is too high, the low
LACI will be abandoned meanwhile some high NBCI will
also be abandoned by the weight function. The low NBCI
will undermine the precision of retrieved emissivity. When
the value of Ca is smaller than 0.05 or larger than 0.3,
the emissivity RMSE is relatively large (Fig. 2). Hereafter,
we select 0.2 as the Ca value for the analysis.

C. Accuracy Evaluation

After adding random noise with an NETD of 0.3 K to
the simulation data, we use the original algorithm (OA) and
the NA to retrieve the emissivity from the simulation data.
The RMSEs of the retrieved emissivity group (RMSEε,gp) are
obtained by (18), as shown in Table I. At low temperature,
the average RMSE of the emissivity retrieved by the OA is

TABLE I

COMPARISON OF RETRIEVED EMISSIVITY RMSEs BETWEEN
THE NA AND THE OA FOR FIVE SAMPLES (SP1–SP5)

AT FOUR LOW TEMPERATURES (240–270 K)

TABLE II

COMPARISON OF RETRIEVED TEMPERATURE RMSEs BETWEEN

THE NA AND THE OA FOR FIVE SAMPLES (SP1–SP5)
AT FOUR LOW TEMPERATURES (240–270 K)

0.0383, while the average RMSE of the emissivity retrieved
by the NA is 0.00721. With the decrease in temperature, the
RMSEs of the emissivity retrieved by the OA and the NA both
increase; the NA’s emissivity RMSE is mostly less than 0.01.
The NA achieves significant advantages in the accuracy of
low-temperature target emissivity inversion.

The RMSEs of the retrieved temperature group are cal-
culated by (16) (Table II). The average temperature RMSE
retrieved by the OA for low-temperature surfaces is 0.1426 K.
The average temperature RMSE retrieved by the NA is
0.0968 K. With decreasing temperature, the RMSEs of the NA
remain stable, while the RMSEs of the OA obviously increase.
In general, the temperature inversion RMSEs of the NA is
comparable to that of the OA, is around 0.1 K. The SP1 is an
exception; the RMSEs of NA in temperature is even larger than
that of OA at 240K, while the RMSEs of NA in emissivity
is pretty less than that of OA at 240K. So the temperature
inversion accuracy is not sensitive to the emissivity inversion
accuracy for low-temperature surface.

D. Sensitivity to NBCI and LACI

NBCI and LACI are defined as (10) and (12),
respectively. They are two critical indices in the NA,
reflecting the relations between the atmospheric downwelling
radiance and ground leaving radiance. When the surface
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Fig. 3. Relationship between RAD↓ and NBCI, LACI.

temperature is given, the two indices have strong relations
with the total downwelling radiance from the atmosphere.
We calculate the radiance in the range of 800–1250 cm−1 by
integrating the atmospheric down welling spectral radiation,
denoted as RAD↓. Then, we can obtain the relationship
between RAD↓ and NBCI as well as LACI (Fig. 3).

Different atmospheric profiles and different LSTs can lead
to different simulation data. Each group of simulation data
can obtain a value of NBCI as well as LACI. We used black,
red, yellow, and green dots to represent the results for the
land surface with temperatures of 270, 260, 250, and 240 K,
respectively.

It can be seen that NBCI increases and then decreases
with RAD↓ (Fig. 3). Different surface temperatures also
affect the NBCI. Low surface temperatures cause high NBCI.
In contrast, LACI decreases first and then increases with
RAD↓. The inflection point changes apparently with surface
temperature, and the lower LST leads to the inflection point
at the smaller value of RAD↓. The change of RAD↓ mainly
comes from the radiance of atmospheric emissivity band.
According to the definition of LACI [see (9) and (10)], when
the radiance of the atmospheric emission band (Latm↓,λ) is
close to the ground leaving radiation (L leiving,λ), the value
of LACI is the lowest where the inflection point occurs. The
ground leaving radiation is mainly determined by the surface
temperature. Therefore, the position of the inflection point
changes with the surface temperature.

The RMSEs of the retrieved individual emissivity spectrum
(RMSEε,in) are calculated using (17). The absolute value
errors of the retrieved temperature (eT ,in) are also calculated
using (15).

Fig. 4. Relation between LACI and RMSEε,in as well as eT ,in.

The LACI and RMSEε,in as well as eT ,in are used to make
the scatter plot (Fig. 4). The blue dots represent the results
from the NA, while the black, red, yellow, and green dots
represent the results from the OA for the surface temperatures
of 270, 260, 250, and 240 K, respectively. It can be seen
that the RMSEε,in of NA is always low and not sensitive to
LACI, and they are mostly less than 0.01, while the RMSEε,in

of the OA is sensitive to LACI. We find that the RMSEε,in

of the OA decreases with LACI, and when LACI is greater
than 0.8, the OA performs as well as the NA. For the retrieved
temperature, eT ,in is not sensitive to LACI.

The NBCI and RMSEε,in as well as eT ,in are used to make
scatter plots (Fig. 5). When NBCI is less than 0.04, RMSEε,in

decreases to 0.01. As both NBCI and LACI are related
to downwelling radiance RAD↓, they are not independent.
Fig. 3 shows that a low NBCI value corresponds to a low
RAD↓ value, which corresponds to a high LACI. The errors
brought by LACI decrease when RAD↓ is low. Therefore,
we focus on low LACI with a range from 0 to 0.04, where
the LACI influence is small [Fig.5(c) and (d)]. Apparently,
both the eT ,in and the RMSEε,in of the OA increase when
NBCI decreases. They are higher than that of the NA when
NBCI is less than 0.03.

E. Sensitivity to the Instrument Noises

We simulate instrumental random noise with the NETD
in the range from 0 to 1.0 K at the interval of 0.1 K.
The simulated noise is added to the simulated ground leaving
radiance and downwelling radiance from the atmosphere.
We retrieve emissivity using the NA and obtain the RMSEε,in

by (16). We calculate the average values of RMSEε,in for
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Fig. 5. Relation between NBCI and RMSEε,in as well as eT ,in . (a) Scatter
plot of RMSEε,in against NBCI. (b) Scatter plot of eT ,in against NBCI.
(c) Detailed plot of RMSEε,in against NBCI from 0.0 to 0.04. (d) Detailed
plot of eT ,in against NBCI from 0.0 to 0.04.

different LSTs of 270, 260, 250, and 240 K. We also calculate
the stdev of each retrieval group. The average values and
stdevs are plotted in Fig. 6. The NA is sensitive to instrument
noise. The RMSEε,in of the NA increases linearly with NETD.
When the ground temperature is lower, the algorithm is more
sensitive to instrument noise. When the NETD is less than 0.3,
the RMSEε,in of the NA remains less than 0.01 in emissivity.

Fig. 6. NA sensitivity analysis to instrument noise.

Fig. 7. NA sensitivity analysis to the uncertainties of downwelling radiance.

F. Sensitivity to the Uncertainties of Downwelling Radiance

We add the bias (noise) to downwelling radiance with
brightness temperature changes from 0.0 to 2.0 K at the
interval of 0.1 K. We retrieve emissivity using the NA and
obtain the RMSEε,in by (17). We calculated the average
values of RMSEε,in for different LSTs of 270, 260, 250,
and 240 K, respectively. We also calculate the stdev of each
retrieval group. The average values and stdevs are plotted
in Fig. 7. Neither the average value nor the stdev of RMSEε,in

changes with the bias. The NA is not sensitive to the bias of
downwelling radiance.

G. Sensitivity to the Uncertainties of Atmospheric Correction

To retrieve the LSE and LST from space-borne mea-
surements, atmospheric correction is critical. The errors of
atmospheric correction affect the downwelling/upwelling radi-
ance of the atmosphere and atmospheric transmittance, even-
tually propagating to the retrieved emissivity.

To examine the algorithm’s sensitivity to atmospheric cor-
rection, we added noise to the vapor profile from −10% to
10% with a step of 2%. The error of the retrieved emissivity
increases linearly with the absolute error of the vapor profile
[Fig. 8(a)]. We also added noise into the temperature profiles
from −2.5 to 2.5 K with a step of 0.5. We can see that the
error of the retrieved emissivity quickly increases with the
absolute error of the temperature profile. The algorithm is
more sensitive to atmospheric correction for low-temperature
surfaces. To ensure emissivity inversion error less than 0.02,
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Fig. 8. NA sensitivity analysis to uncertainties of atmospheric correc-
tion. (a) Sensitivity analysis to uncertainties of atmospheric vapor profile.
(b) Sensitivity analysis to uncertainties of atmospheric temperature profile.

we suggest that a good atmospheric correction with vapor error
less than 6% and temperature error less than 0.5 K should be
performed before this algorithm is used to retrieve emissivity
for low-temperature areas from satellite-based measurements.

V. FIELD EXPERIMENT AND VALIDATION

The field experiment was conducted on August 10, 2009, at
Huailai Remote Sensing Experimental Station of the Chinese
Academy of Sciences (CAS) near Beijing, China, when the
sky was clear and windless. We chose the soil surface as
our research object. The soil type was brown loam. The
low temperature of the soil was obtained by cooling it
with different amounts of liquid nitrogen. An ABB BOMEN
MR304 spectrometer was employed to measure the radiance.
The spectrometer had a spectral range from 2 to 15 μm.
Its noise equivalent spectral radiance (NESR) is better than
2.5 × 10 − 9 W/cm2/sr/cm−1. Its spectral resolution is
adjustable from 1 to 32 cm−1, it was set as 1 cm−1 in
this experiment. A gold-coated diffuse reflective plate was
used to collect the downwelling radiance from the sky.
A blackbody M340 produced by Mikron cooperation was
used for calibration. The emissivity of M340 is 0.99. The
stability of its temperature is 0.1 ◦C [43]. We collected four
groups of measured data. Each group included three types
of data: 1) ground leaving radiance from the soil surface;
2) downwelling irradiance from the atmosphere; and 3) a pair
of blackbody radiance with low and high temperatures for
calibration.

The output of the spectrometer is digital number (DN),
which needs to be calibrated by blackbody to convert DN

Fig. 9. (a) Experimental setup. (b) Radiance spectrum of four measurements.

value to radiance. The calibration formula is shown as (19),
and the emissivity and temperature of the blackbody are
known. Through Planck formula, the radiance of blackbody
radiation can be calculated. The coefficients “a” and “b” in the
calibration formula can be determined by two measurements
of high and low temperature blackbody, respectively. Once
these two coefficients have been determined, the DN values
obtained from their measurements of leaving-ground radiance
and downwelling atmospheric radiation can be substituted into
the following formula to calculate the radiance of the measured
target:

Lλ(θr ,�r ) = a ∗ DN + b. (19)

Four radiance spectra were measured [Fig. 9(b)]. The radiance
of measurement 1 was obviously higher than the sky radiance.
The radiance of measurement 4 was comparable to the sky
radiance. We retrieved the emissivity and temperature using
the OA and the NA separately. The surface temperatures of
the four measurements varied from 311 to 259 K (Table III).
The differences of temperatures retrieved by OA and NA
are less than 1K. For the first three measurements when the
surface temperature is greater than 280 K, the temperatures
retrieved by OA and NA are nearly the same. When surface
temperature is as low as 259 K, the retrieved temperature
difference is around 0.53K, which creates the emissivity bias
of 1% approximately [Fig. 10(d)].

An emissivity spectrum labeled as “Haplustall 85P4569”
was selected from the JHU spectral library to exhibit as a
reference in the retrieved emissivity figures (Fig. 10). The
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Fig. 10. Retrieved emissivity for the surface temperature of (a) 310.52K,
(b) 301.08K, (c) 285.72K, and (d) 259.32K, separately.

emissivity retrieved from measurement 1 by the OA was
very close to that retrieved by the NA [Fig. 10(a)]. As the
surface temperature decreased, we could see that the number
of singular values of emissivity spectra retrieved by the OA
increased while the NA reduced the occurrence of singular
values (Fig. 10). We took the emissivity retrieved from mea-
surement 1 by the NA as the true value to evaluate the accuracy
of the emissivity retrieved from other measurements by the OA

TABLE III

RETRIEVED TEMPERATURE BY THE OA AND NA

TABLE IV

RMSE IN EMISSIVITY RETRIEVED BY OA AND NA

and NA. The RMSEs in the emissivity retrieved from each
measurement are listed in Table IV. At normal temperature,
the RMSE of the OA was similar to that of the NA for
measurement 1 and measurement 2. At low temperatures, such
as measurement 3 and measurement 4, the RMSE of the OA
was large because of the singular values, while the RMSE of
the NA was relatively small because it is free from singular
values. Because there was frost covering the soil when the
surface temperature was low, the true value of emissivity for
low-temperature soil was no longer equal to that for normal
temperature soil.

VI. CONCLUSION

When the ground leaving radiance of the low-temperature
surface is comparable to the downwelling radiance from the
sky, too many singular values degrade the accuracy of the
retrieved emissivity [Fig. 10(d)]. To improve the accuracy of
the retrieved emissivity for low-temperature areas, we formu-
late two indices: one characterizes the contrast between the
surface radiance and sky downwelling radiance, and the other
characterizes the contrast between the neighboring bands’ radi-
ance. These two indices are combined into a weight function
to select the bands participating in the temperature/emissivity
separation operation.

Numerical simulation experiments showed that for normal
surface temperatures, the NA behaved as well as the OA, while
for low surface temperatures, the NA effectively removed
singular values in the retrieved emissivity and improved the
accuracy. The RMSE in the emissivity retrieved by the NA
was less than 0.01.

The NA is sensitive to the random noise of the instrument
linearly. When the NETD of the instrument is less than
0.3 K, the RMSE of the emissivity is less than 0.01. The
NA is not sensitive to the uncertainty of the downwelling
radiance of the atmosphere when it is applied to ground-based
measurements. The NA is very sensitive to the uncertainty
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of atmospheric correction when it is applied to satellite-
based measurements. To ensue emissivity inversion error less
than 0.02, a very good atmospheric correction with vapor error
less than 6% and temperature error less than 0.5 K needs
performed. We recommend this NA to retrieve emissivity from
ground-based measurements for low-temperature areas.
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