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Abstract: Emissivity information derived from thermal infrared (TIR) hyperspectral imagery has the
advantages of both high spatial and spectral resolutions, which facilitate the detection and identifica-
tion of the subtle spectral features of ground targets. Despite the emergence of several different TIR
hyperspectral imagers, there are still no universal spectral emissivity measurement standards for
TIR hyperspectral imagers in the field. In this paper, we address the problems encountered when
measuring emissivity spectra in the field and propose a practical data acquisition and processing
framework for a Fourier transform (FT) TIR hyperspectral imager—the Hyper-Cam LW—to obtain
high-quality emissivity spectra in the field. This framework consists of three main parts. (1) The
performance of the Hyper-Cam LW sensor was evaluated in terms of the radiometric calibration
and measurement noise, and a data acquisition procedure was carried out to obtain the useful TIR
hyperspectral imagery in the field. (2) The data quality of the original TIR hyperspectral imagery was
improved through preprocessing operations, including band selection, denoising, and background
radiance correction. A spatial denoising method was also introduced to preserve the atmospheric
radiance features in the spectra. (3) Three representative temperature-emissivity separation (TES)
algorithms were evaluated and compared based on the Hyper-Cam LW TIR hyperspectral imagery,
and the optimal TES algorithm was adopted to determine the final spectral emissivity. These algo-
rithms are the iterative spectrally smooth temperature and emissivity separation (ISSTES) algorithm,
the improved Advanced Spaceborne Thermal Emission and Reflection Radiometer temperature and
emissivity separation (ASTER-TES) algorithm, and the Fast Line-of-sight Atmospheric Analysis of
Hypercubes-IR (FLAASH-IR) algorithm. The emissivity results from these different methods were
compared to the reference spectra measured by a Model 102F spectrometer. The experimental results
indicated that the retrieved emissivity spectra from the ISSTES algorithm were more accurate than
the spectra retrieved by the other methods on the same Hyper-Cam LW field data and had close
consistency with the reference spectra obtained from the Model 102F spectrometer. The root-mean-
square error (RMSE) between the retrieved emissivity and the standard spectra was 0.0086, and the
spectral angle error was 0.0093.

Keywords: hyperspectral; thermal infrared; field-based measurement; temperature and emissivity
retrieval; spatial convolution denoising; Hyper-Cam LW imager

1. Introduction

Compared to the reflective spectral range between 0.35 and 2.5 µm, the radiant energy
of ground objects from the thermal infrared (TIR) atmospheric window of 8–12 µm is
mainly self-emission energy, which is related to a material’s molecular structure and vibra-
tion [1]. Because the land surface emissivity (LSE) represents the material-intrinsic property
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and contains the material composition information, retrieving accurate LSE from TIR re-
mote sensing data plays a very important role in many remote sensing applications, such
as geological mapping [2,3], object identification [4,5], and land-cover classification [6,7].
Since the launch of the Heat Capacity Mapping Mission in 1978, which provided thermal
imagery, much attention has been paid to the development of TIR instruments [8–10]. To
date, various TIR imaging sensors with different spatial and spectral resolutions have
been used to obtain remote sensing observations. The typical spaceborne TIR systems are
Gaofen 5 (GF-5), the Advanced Spaceborne Thermal Emission and Reflection Radiometer
(ASTER), Landsat 8, and the Moderate Resolution Imaging Spectroradiometer (MODIS),
which provide TIR data with resolutions of 40, 90, 100, and 1000 m, respectively. Corre-
spondingly, a number of LSE retrieval methods have been proposed for these spaceborne
sensors [11–15]. However, because the band number of most of the LSE products from
these spaceborne sensors is less than six channels, the emissivity spectra cannot highlight
subtle spectral features.

With the maturation of hyperspectral imaging technology in the TIR range, there are
now some commercial TIR hyperspectral imagers available for acquiring TIR hyperspectral
data via airborne or field-based measurements [16]. Popular examples are the Spatially
Enhanced Broadband Array Spectrograph System (SEBASS) [17], the Thermal Airborne
Spectrographic Imager 600 (TASI-600) [18], and the Hyper-Cam LW sensor [19]. Differing
from the multispectral TIR imagers carried on board satellites, hyperspectral TIR imagers
have a greatly improved spectral resolution. In theory, the ability to acquire abundant con-
tinuous narrow bands is greatly conducive to obtaining more accurate and fine LSE spectra.
Generally speaking, field-based measurement and airborne remote sensing retrieval are
the two main ways of obtaining LSE information [20,21]. However, due to the cost and
complicated imaging conditions of airborne platforms, it is difficult to obtain accurate LSE
spectra and satisfy the demands of building an emissivity spectra library. In contrast, the
field-based LSE measurement approach is able to obtain a higher LSE accuracy and comes
with a lower cost. Moreover, field-measured LSE can act as the validation standard for
the retrieval results from airborne platforms. Therefore, high-quality LSE measurement in
the field is a fundamental and important task in remote sensing. Over the past few years,
many attempts have been made to extract high-quality LSE from hyperspectral TIR data
at the ground level. In 1996, the µFTIR spectrometer was developed for field emissivity
measurements, and it was used to build the Johns Hopkins University (JHU) spectral
library [22]. In-depth field measurement procedures and processing protocols have also
been designed and published for the non-imaging Model 102F spectrometer [23,24]. Cur-
rently, non-imaging spectrometers constitute the mainstream approach for field emissivity
measurement. In contrast, as reported by many studies [25–27], TIR hyperspectral imagers,
as a new measurement means, are mostly used indoors to measure precise emissivity or
evaluate design performance. Although hyperspectral TIR imagers have the advantage of
both high spectral and spatial resolutions, there are still no universal spectral emissivity
measurement standards for use in the field.

Differing from stable indoor measurement conditions, the environmental radiance
in field conditions is affected by both the atmosphere and surrounding objects, and it can
rapidly change with time, resulting in poor data quality [28]. Data quality is also directly
related to measuring instruments’ performance, i.e., radiometric calibration and measure-
ment noise [29]. However, to date, few studies have analyzed the performance of TIR
hyperspectral imagers in extracting accurate spectral emissivity with a specific instrument
parameter configuration. Therefore, it is imperative to quantitatively evaluate instrument
performance before a field measurement campaign and to conduct a data acquisition pro-
cedure in the field to acquire useful TIR hyperspectral imagery. In addition, compared to
the data obtained by non-imaging spectrometers, TIR hyperspectral imagery often contain
a high noise level, and previous studies [30–33] have shown that measurement noise can
have a great influence on final emissivity estimations. Spectral filtering methods [18,34]
have been effectively applied to the denoising of multispectral TIR data in order to im-
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prove image quality. For multispectral data, the relatively wide bandwidth makes the
atmospheric components smooth, and the spectral fluctuations are mainly caused by noise.
Spectral filter methods are generally applicable for denoising multispectral data with a
relatively wide bandwidth. However, for hyperspectral data, filtering methods are prone
to destroying the atmospheric features. A suitable temperature-emissivity separation (TES)
algorithm is a key factor in obtaining final emissivity spectra of accurate shape and magni-
tude. To date, many TES algorithms have been proposed for use with TIR hyperspectral
imagery [8,35–41], such as the iterative spectrally smooth temperature and emissivity
separation (ISSTES) algorithm, the improved Advanced Spaceborne Thermal Emission and
Reflection Radiometer temperature and emissivity separation (ASTER-TES) algorithm, and
the Fast Line-of-sight Atmospheric Analysis of Hypercubes-IR (FLAASH-IR) algorithm.
However, these methods were initially designed based on specific sensor data, and the
performance of most of the methods, except for FLAASH-IR, has not been investigated
and evaluated on Hyper-Cam LW TIR hyperspectral imagery with a specific configuration.
Unlike most spectral splitting imagers, the Hyper-Cam LW sensor is the only commercially
available Fourier transform (FT)-TIR hyperspectral imager on the market. It was developed
by Telops Inc. (Quebec City, Canada) and can provide high spatial and spectral resolution
information for infrared targets and scenes.

In this study, our aim was to develop a practical data acquisition and processing
framework for the Hyper-Cam LW sensor in order to obtain high-quality emissivity spectra
in the field, as shown in Figure 1. The main contributions are summarized as follows:

(1) A practical data measurement and processing framework was specifically proposed
for the Hyper-Cam LW sensor that includes four aspects: the performance validation
of the Hyper-Cam LW sensor, a field-based acquisition procedure for TIR hyperspec-
tral imagery, data preprocessing to improve the original data quality, and appropriate
TES algorithm selection via the comparison of three representative methods.

(2) Data improvement was performed through band selection, imagery denoising, and en-
vironmental correction. In addition, according to the analysis of the noise distribution
type and magnitude, a spatial denoising method based on Gaussian template convolu-
tion was adopted to preserve the atmospheric radiance features in the spectrum.

(3) Three widely used TES algorithms were investigated and compared using Hyper-
Cam LW field-measured TIR hyperspectral imagery, and the optimal TES method was
selected to determine the final high-quality emissivity spectra that were quantitatively
evaluated using the standard spectra measured by the Model 102F spectrometer.

Figure 1. The framework for deriving emissivity spectra from the Hyper-Cam LW field-based imagery.
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The rest of this article is organized as follows. Section 2 introduces the instrument
testing and data acquisition. Section 3 describes the details of the data preprocessing,
including the spatial denoising method. Section 4 describes the investigation conducted
using three representative TES algorithms on the field-measured Hyper-Cam LW imagery.
The evaluation and analysis of the results are presented in Section 5, and our conclusions
and future work are summarized in Section 6.

2. Instrument Testing and Data Acquisition
2.1. Instrumentation and Configuration

The Hyper-Cam LW sensor is the only available commercial FT-TIR hyperspectral
imager on the market [26]. The spectral resolution of the Hyper-Cam LW sensor is ad-
justable and can reach 0.25 cm−1, and its instantaneous field-of-view (IFOV) is 0.35 mrad,
leading to very high spectral and spatial resolutions. The specific configuration for field
data acquisition is listed in Table 1. In our instrument testing, a modified optical lens was
used to maintain consistency with the airborne nadir observations.

Table 1. Basic specifications and configuration of the Hyper-Cam LW sensor for field-based TIR
hyperspectral imagery acquisition.

Parameter Value

Spectral resolution 6 cm−1

Spectral range 7.8–11.8 µm
Integration time 200 µs

Imaging size 227 × 125 pixel
IFOV 0.35 mrad

Cold blackbody temperature 10 ◦C
Warm blackbody temperature 30 ◦C

Quantitative value 16 bit

2.2. Instrument Performance Testing

The radiometric calibration quality and noise level are generally different among dif-
ferent sensors and have large effects on the retrieval accuracy of emissivity spectra [42]. The
performance of the radiometric calibration and noise level were assessed in the laboratory,
as shown in Figure 2.

Figure 2. Instrument performance testing in the laboratory: the control computer (left), the Hyper-
Cam LW sensor, and the temperature-tunable blackbody (right).
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2.2.1. Radiometric Calibration and Stability Testing

The scene radiance measured by the sensor was converted into the instrument re-
sponse values. This process can be formulated as follows:

DN(λ) =
∣∣∣fl(λ)Lscene(λ)− fl(λ)L0(λ, Tsensor)

∣∣∣ (1)

where fl(λ) is the instrument linear response coefficient, Lscene(λ) is the radiance emitted
from the measurement scene, Lo(λ, Tsensor) is the instrument self-emission with temperature
Tsensor, and DN(λ) is the instrument response digital number.

The goals of radiometric calibration are to convert the DN values into calibrated
spectra in radiance units and to remove the interference of the internal self-emission of the
instrument. However, because of the electric heating and ambient change, the sensor’s
internal temperature can continue to rise with the increase of the instrument’s running time,
leading to calculation errors due to the instrument’s self-emission. In order to quantitatively
estimate the calibration performance of the Hyper-Cam LW sensor, the calibrated radiance
spectra of a blackbody object and the theoretical spectra calculated using Planck’s function
were compared and their calibration errors were recorded at various internal temperature
differences (TDs), as shown in Figure 3.

Figure 3. Radiometric calibration error at various sensor internal temperature differences (TDs): (a) TD = 0.1 K; (b) TD =
0.9 K; (c) TD = 2.2 K.

Figure 3 shows that the calibration error increased as the TD value increased. Generally
speaking, a temperature inversion accuracy of 1 K requires the calibration error to be
controlled within 0.5 K. Therefore, the TD should be kept within a small range. Figure 4a
shows the temperature change trend of the Hyper-Cam LW instrument. This shows that
the sensor’s internal temperature sharply increased as the power-on time became longer
and gradually stabilized after approximately 40 min. Figure 4b shows that when the TD
value was 0.9 K, the calibration error of each band was within 0.5 K. In addition, since
the field environment was relatively unstable compared to the indoor environment, the
instrument may have taken a longer time to reach a stable state. This depended on the
specific measurement conditions.

All these findings indicate that, in order to ensure the quality of Hyper-Cam LW
radiation calibration, the recommended measurement time is a period after at least 40 min
from power on, which will keep the radiation error of the sensor within 0.5 K.
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Figure 4. Instrument calibration performance test: (a) sensor internal temperature change with time;
(b) the calibration error in brightness temperature units when the TD equaled 0.9 K.

2.2.2. Measurement Noise Level Estimation

The noise level of the Hyper-Cam LW sensor was evaluated using the noise-equivalent
spectral radiance (NESR) indicator. According to the imaging principles of the Hyper-
Cam LW sensor, the theoretical calculation of the NESR can be expressed as shown in the
following equation:

NESR =
2

∆vΩγ0D∗

√
1

Spixtint
(2)

where ∆v is the spectral resolution, Ω is the optical solid angle, γ0 is the transmittance of
the optical system, D∗ is the instrument detection rate, Spix is the photosensitive surface
area, and tint is the integral time of the measurement configuration.

The NESR is related to the spectral resolution and the integral time for the Hyper-
Cam LW sensor with a specific optical system, according to Equation (2). In the noise
level estimation, the NESR was calculated as the pixel-wise standard deviation of the
radiance over multiple successive data cubes from the same target. The band-averaged
noise-equivalent delta temperature (NEDT) was also calculated for every band based on
the NESR. The statistical noise distribution of the NESR and NEDT is shown in Figure 5.

Figure 5. Noise level estimation: (a) visualization of the single-band NESR values at 10 µm; (b) the band-averaged NESR;
(c) the band-averaged NEDT.

It is apparent that the measured data acquired using the Hyper-Cam LW sensor
contained a lot of noise. It is also apparent that the NEDT value of each band was larger
than 0.2 K over the whole spectral range, which indicates that the Hyper-Cam sensor had
very high measurement noise compared to the non-imaging instruments (at around 0.01 K
through most of the TIR bands) [17]. All of these findings illustrate that preprocessing
methods must be adopted to improve the quality of field-acquired data when using the
Hyper-Cam LW sensor.
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2.3. Field Data Acquisition
2.3.1. Instrument and Sample Preparation

The instrument setup and mineral samples are shown in Figure 6. The Hyper-Cam
sensor was mounted on a tripod and a modified optical lens was used for the vertical
measurements to maintain consistency with the observation geometry of the Model 102F
spectrometer. The instrument operations were performed until the detector temperature of
the sensor stabilized at around 80 K.

Figure 6. Field-based TIR hyperspectral imagery measurement scene and samples: (a) the field mea-
surement scene and the Hyper-Cam LW sensor; (b) the used mineral samples; (c) the corresponding
TIR imagery.

The mineral samples used in this study were calcite (No. 1), fibrous gypsum (No. 2),
dolomite (No. 3), and anhydrite (No. 4). The size of all the samples was around 6 × 9 cm2.
All these materials have distinct emissivity signatures, which facilitated the evaluation of
the processing results. Attention must be paid to avoiding rapid temperature changes of
samples, so they were exposed to the experimental scene for some time in order to reach
thermal equilibrium between the samples and the field environment.

2.3.2. Imagery Calibration and Measurement

Before the measurement of the targets, the two blackbodies were measured for the
radiometric calibration, and their temperature stability was found to be less than 0.03 K. It
should be noted that the radiance spectra of the cold and warm blackbodies should frame all
the radiance spectra emitted from a scene (Figure 7) to avoid the nonlinearity of instrument
response. At the same time, it is recommended that the cold blackbody temperature should
be just below ambient temperature and the warm blackbody temperature should be just
above the warmest sample temperature. Since the temperatures of two internal blackbodies
can be adjusted manually, the temperatures of cold and warm blackbodies should be set to
around the values of corresponding temperatures of the coldest and warmest targets. In
this study, the temperatures of the cold and warm blackbodies were set to 10 and 30 ◦C,
respectively. Attention should also be paid to ensuring that the acquisition duration of a
TIR HSI should be as short as possible in order to guarantee environmental consistency
and exclude sample temperature variation during the measurement time. Here, the data
acquisition was conducted at 40 min after powering on the instrument. Limited by the
focal length of the instrument, the distance between the measured samples and the sensor
was 1.7 m in this study.
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Figure 7. The radiance spectra of both the samples and the two calibration blackbodies.

2.3.3. Environmental Radiation Measurement

The radiance reaching the sensor for field-based measurements includes both the target
radiance and environmental radiance. Generally speaking, the environmental radiance
reflected from the target surface comes from both the atmosphere and the surrounding
solid objects, e.g., trees and buildings. In this study, the environmental radiance was
measured immediately after the sample measurement via the measurement of a diffuse
and reflective plate—a gold-coated panel—whose directional hemispherical emissivity
value was 0.95. The panel temperature was recorded by a contact thermometer: the Fluke
54-IIB contact thermometer. It should also be noted that the location, orientation, and
bidirectional reflectance distribution function of the reflective panel should be identical to
those of the measured objects.

3. Data Preprocessing and Quality Improvement

In this section, the noise, atmospheric influence, and environmental radiance are
discussed and preliminary corresponding solutions are proposed. Firstly, the field measure-
ments of a TIR imaging spectrometer contain more severe noise than the measurements of
a non-imaging spectrometer. Secondly, previous studies [23,24] have explicitly pointed out
that the distance between the samples and sensor should be less than 1 m in order to mini-
mize the effects of the atmosphere. However, the shortest focus length of the Hyper-Cam
LW sensor is 1.7 m, so the influence of atmospheric transmittance and upwelling radiance
should be taken into consideration. The environmental radiance should be corrected for
the radiation from the gold panel. Finally, band selection should also be carried out to
remove the problem bands from the whole image data cube, which can negatively impact
the retrieval results.

3.1. TIR Hyperspectral Imagery Denoising

As noted in the quantitative analysis in Section 2.2.2, the NEDT magnitude is larger
than 0.2 K over the spectral range. This undesirable noise could generate serious deviation
of the quantitative inversion. It is therefore necessary to remove or minimize measurement
noise through appropriate denoising methods in order to promote more accurate spectral
emissivity retrieval. With the increase of the spectral bands for the Hyper-Cam LW instru-
ment with a spectral resolution of 6 cm−1, the atmospheric spectra also become rough, and
spectral denoising methods can destroy atmospheric information while removing noise.
Therefore, spatial denoising is a better choice for the TIR hyperspectral imagery of the
Hyper-Cam LW instrument with numerous narrow bands. In this study, in order to select
an appropriate denoising method, the noise type and distribution were first investigated
using a blackbody object whose emissivity was known, as shown in Figure 8.
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From Figure 8c, it is clear that Gaussian function could well-fit the noise histogram
with the parameters of mean and standard deviation in the 95% confidence interval (mu
represents mean and sigma represents standard deviation). The noise type in both the
whole image and a random window approximates the Gaussian distribution. Therefore,
a Gaussian convolution method [43] was adopted for the spatial denoising to improve
the noise quality of each band. In this method, considering that the noise type of a small
window also approximates Gaussian distribution, a weighting template is calculated using
the Gaussian kernel model, and then the weighting template is convolved with the whole
TIR hyperspectral image using a moving window, which can be written as:

g(x, y) =
a
∑

s=−a

b
∑

t=−b
w(s, t) f (x + s, y + t)

S.t.w(s, t) = 1
2πσ2 exp(− (x−s)+(y−t)

2σ2 )

(3)

where x, y represent the pixel location in the imagery; a, b are the width and length of the
template window; and w(s, t) is the calculated weighting matrix.

The window size of the Gaussian template is 3 × 3 pixels. This denoising method can
eliminate the noise in experimental imagery while maintaining the atmospheric features
contained in the collected data. Regarding the imagery acquired by the Hyper-Cam LW
instrument, the cost of the spatial ambiguity can be neglected because the spatial resolution
reaches up to 0.5 mm when the measurement distance is 1.7 m. To illustrate the difference
between spectral and spatial denoising, a comparison between the Savitzky–Golay (S–G)
spectral filter [44] and Gaussian spatial denoising is provided in Figure 9.

It is clear from Figure 9a that the S–G-filtered image spectrum was relatively smooth
and did not retain the characteristics of downward atmospheric radiation measured with a
gold-plated plate. In contrast, the Gaussian spatial denoising image spectrum preserved the
features of atmospheric downwelling. In addition, since the following TES methods utilize
the relationship between ground-emitted radiance and atmospheric downwelling radiance,
the changes of atmospheric downwelling radiance will interfere with the performance of
TES methods. Therefore, atmospheric features should be preserved as much as possible
during denoising. A spectral filter removes the atmospheric downwelling information
contained in the measured radiance spectrum. In contrast, the spatial convolution denoising
maintains these features of the atmospheric radiance in the spectral dimension.
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Figure 9. Comparison between spectral and spatial denoising for Hyper-Cam LW hyperspectral im-
agery: (a) comparison between S–G-filtered image radiance and atmospheric downwelling; (b) com-
parison between Gaussian spatial denoising result and atmospheric downwelling.

3.2. Environmental Radiance Correction and Atmospheric Effect Analysis

Previous studies have pointed out that the atmospheric effect between samples and
sensor should be considered if the distance is more than 1 m. Since the minimum focus
distance of the Hyper-Cam sensor is 1.7 m, the effects of atmospheric transmittance and
upwelling radiance should be analyzed for field-based measurements. In our work, atmo-
spheric simulation was conducted using MODTRAN®5.2 with the meteorological data of
three periods during the time of the field-based measurements, as shown in Figure 10a.
The imaging spectral range of the Hyper-Cam LW sensor lies between the two black dotted
lines, and the transmittance value of each band was greater than 0.995, indicating that these
factors could also be ignored for our field-based measurement conditions.

Figure 10. (a) Simulated atmospheric transmittance by MODTRAN®5.2; (b) comparison between the
corrected environmental radiance and the measured radiance of the gold-coated panel.

In addition, the environmental radiance could be corrected based on the imagery
radiance of the gold-coated panel that was measured immediately after the sample mea-
surements, according to Equation (4). As shown in Figure 10b, a comparison between the
corrected environmental radiance and the measured radiance of the gold-coated panel was
conducted. The difference between these two radiance spectra demonstrates the need for
gold panel radiance correction.

E(λ) =
Lpanel(λ)− εpanel(λ)B

(
λ, Tpanel

)
1 − εpanel(λ)

(4)
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where E(λ) is the environmental radiance, Lpanel(λ) is the image radiance of the gold

panel, εpanel(λ) is the panel emissivity, and B
(

λ, Tpanel

)
is the Planck radiance at panel

temperature Tpanel .

3.3. Band Selection

There were 85 bands in total for the final collected hyperspectral imagery. However,
the factors of radiometric calibration error and measurement noise could have degraded
the data quality in some bands. In practice, the magnitude of the measurement noise
in the different bands showed a large variation for the experimental data, as shown in
Section 2.2.2, Figure 5. The NEDT values of all the bands were larger than 0.2 K, which
illustrates that the Hyper-Cam LW sensor has very high measurement noise compared to a
non-imaging instrument (at around 0.01 K) through most of the TIR bands [22]. In addition,
it is apparent that the measurement noise magnitude sharply increased with the decrease
of the wavelength before 8.18 µm, and the NEDT values of the bands before 8 µm were
higher than 0.4 K. Bands with large high-frequency noise can alter spectrum roughness and
affect the smoothness-based TES algorithms [30]. Thus, the bands with heavy noise below
8 µm were removed, and the remaining bands were selected for the data improvement and
spectral emissivity retrieval.

4. Temperature and Emissivity Separation Algorithms
4.1. Thermal Infrared Radiative Transfer Model for Field Measurement

The radiance emitted by an object propagates through the atmosphere and is recorded
by a TIR sensor in three main parts—ground sample emission radiance, atmospheric
radiance, and environmental radiance—which can be formulated as the radiative transfer
equation (RTE):

Lsensor(λ) = ε(λ)B(λ, T)τ(λ) + [1 − ε(λ)]E(λ)τ(λ) + Lu(λ) (5)

where Lsensor(λ) is the total radiance reaching the sensor, λ is the central wavelength of
each channel, ε(λ) is the emissivity, and τ(λ) and Lu(λ) are the atmospheric transmittance
and upwelling radiance, respectively. It should be noted that the environmental radiance
E(λ) is composed of the atmospheric downwelling radiance and the background radiance
emitted by trees, buildings, clouds, etc.

4.2. The Temperature and Emissivity Separation Methods for Emissivity Retrieval

In this section, we describe three types of widely used TES algorithms, i.e., ISSTES,
FLAASH-IR, and the modified ASTER-TES algorithm, and we extend an empirically
constrained method for the Hyper-Cam LW imagery that was originally designed for
multispectral TIR imagery with six bands.

4.2.1. The ISSTES Method

The ISSTES method is a physically constrained method designed by Borel [45] that
exploits the fact that the emissivity spectrum of a solid object is smoother than the atmo-
spheric features. The ISSTES algorithm involves defining a family of emissivity curves
indexed by the surface temperature by rearranging Equation (5) as follows:

ε(λ) =
Lsensor(λ)− Lu(λ)− τ(λ)E(λ)

τ(λ)B(λ, T)− τ(λ)E(λ)
(6)

According to Equation (6), given a land surface temperature (LST) estimation, the
corresponding emissivity spectrum can be calculated if the atmospheric parameters are
known. Then, if the smoothness criterion of the emissivity curve is determined, the
smoothness of a series of emissivity curves can be calculated with regard to the different
temperatures around the true surface temperature, and the estimated emissivity spectrum



Remote Sens. 2021, 13, 4453 12 of 20

corresponds to the temperature that leads to the smoothest result. The smoothness criterion
used in ISSTES was designed as follows:

S =

√√√√N−1

∑
i=2

[
εi(λ)−

εi−1(λ) + εi(λ) + εi+1(λ)

3

]2

(7)

where S is the calculated smoothness criterion value and N is the band number of the
hyperspectral data.

4.2.2. The FLAASH-IR Method

FLAASH-IR is an integrated method, which includes both atmospheric correction
and TES for TIR hyperspectral imagery [46], that has previously been investigated with
Hyper-Cam LW ground and airborne data to extract surface emissivity information [40,44].

In FLAASH-IR, the atmospheric correction parameter can be automatically retrieved
based on the atmospheric parameter lookup table generated by MODTRAN. After obtain-
ing the atmospheric parameters, a smoothness-based TES was used to separate temperature
and emissivity from the ground-leaving radiance. In addition, instead of the emissivity
smoothness index utilized in ISSTES, FLAASH-IR calculates the corresponding sensor out-
put radiance according to the RTE, and the smoothness index uses the standard deviation
σ of the calculated radiance and the real sensor output radiance. The principle is shown in
Equation (8) as follows:

Lestimated(λ) = εi(λ)B(λ, Testimated)τ(λ) +
[
1 − εi(λ)

]
E(λ)τ(λ) + Lu(λ)

σ
(

Testimated, ε(λ)
)
= σ(Lsensor(λ)− Lestimated(λ)) = min

(8)

4.2.3. The Modified ASTER-TES Method

The ASTER-TES method is an empirically constrained method that was originally de-
signed for TIR multispectral data. This method includes three modules: (1) the normalized
emissivity method (NEM) module, (2) the ratio (RAT) module, and (3) the maximum-
minimum relative emissivity difference (MMD) module. The technical route of the ASTER-
TES method is detailed in [8]. The ASTER-TES method has been modified and applied to
different sensors with more than four bands in the TIR region. However, to the best of our
knowledge, to date, no researchers have attempted to migrate the algorithm to Hyper-Cam
LW data. In this paper, a modified ASTER-TES method, as an expansion of ASTER-TES, is
proposed for use with Hyper-Cam LW data.

The empirical relationship between the minimum emissivity value and the MMD is
the key feature of the method, and it needs to be established for specific sensor data. In
this study, to obtain a reliable empirical relationship, 198 spectra extracted from the JHU
spectral library (including water, vegetation, soil, and rock spectra, which were converted
to emissivity using Kirchhoff’s Law and resampled according to the spectral information
of the Hyper-Cam LW data) were used to fit the relationship. The fitting results of the
empirical relationship for the Hyper-Cam LW sensor are shown in Figure 11. It is clear
that the parameters of the empirical relationship between the minimum emissivity value
and the MMD for Hyper-Cam LW data were distinctly different from those for other TIR
sensors, such as ASTER and TASI.

4.3. Evaluation Indicator

To mathematically evaluate the retrievals, three indicators of the root-mean-square
error (RMSE), spectral angle (SA), and spectral residual (SR) were used in this research
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to evaluate the retrieved results from the different approaches. The calculations of these
indicators are as follows:

RMSE =

√√√√√ N
∑

i=1
(εi,est − εi,true)

N − 1
(9)

SA = cos−1

 εT
tureεest√

εT
tureεtrue

√
εT

estεest

 (10)

SR = εest − εtrue (11)

where εi,est is the i band value of retrieved emissivity spectrum, εi,true is the i band value of
reference emissivity spectrum, and N is the band number of the hyperspectral data.
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Hyper-Cam LW field data.

5. Results and Discussion

The final temperature and emissivity information of the objects of interest were
obtained through field data acquisition, data improvement, and TES processing. In this
section, the retrieved temperature and emissivity maps are displayed to demonstrate the
advantages of the TIR imaging spectrometer in reflecting the spatial variation over the
sample surface. In addition, a qualitative analysis and comparison between the results of
the three different methods are provided. Finally, to illustrate the retrieval accuracy of the
proposed solution, this section presents a quantitative assessment that was carried out in
the spectral dimension.

5.1. Qualitative Evaluation of the Temperature and Emissivity Maps

Compared to a non-imaging TIR spectrometer, the retrieved temperature and emissiv-
ity maps contained fine spatial information that could reflect the material distribution of the
sample surface. Figure 12 shows the final temperature maps and temperature histograms
for the three approaches investigated in this paper. It can be seen that all the tempera-
ture maps reflect the spatial temperature distribution of each sample. The temperature
map of FLAASH-IR shows serious noise pollution, which results in the image granularity
phenomenon of impulse noise, while this phenomenon does not appear in the maps of
the two other methods. The texture and tone are also clean and uniform, which demon-
strates that the spatial convolution denoising had a remarkably positive effect. In addition,
temperature histograms of the three retrieval methods were generated to illustrate the
temperature distribution of each method’s result, as shown in Figure 12. It is clear that the
histograms of ISSTES and ASTER-TES have three peaks, which represent the TDs of the
different samples, while the histogram of FLAASH-IR has only one peak. The temperature
distribution of the ISSTES method also shows the best continuity. This shows that the
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temperature distribution consistency of the ISSTES and modified ASTER-TES is better than
that of the FLAASH-IR temperature map.
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(b) ISSTES, and (c) modified ASTER-TES.

The recorded temperature range of the measurement scene obtained using a contact
thermometer was between 296.5 and 299.2 K, which was closest to the result of ISSTES.
FLAASH-IR tended to overestimate the temperature by around 2 K, and the temperature
range of FLAASH-IR was between 297.6 and 303.3 K. The temperature range of the ISSTES
and modified ASTER-TES methods represents a relatively reasonable range for the Hyper-
Cam LW sensor. In addition, the same phenomenon can be seen in the retrieved emissivity
maps. One band of the emissivity map at 10 µm is shown in Figure 13, where it is clear
that the image granularity phenomenon of impulse noise also appears in the FLAASH-IR
emissivity map and the discriminability of the different samples is poor for the modified
ASTER-TES emissivity map, which may have been caused by the spectral emissivity
similarity between the samples of calcite, fibrous gypsum, and anhydrite. That is, the
ASTER-TES method was unable to highlight the subtle spectral difference among these
three samples. In contrast, ISSTES showed the best definition and discriminability for these
environmental samples.

5.2. Quantitative Accuracy Evaluation of the Retrieved Emissivity Spectra

Four different mineral samples were chosen to validate the quality of the retrieved
emissivity spectra, i.e., calcite, fibrous gypsum, dolomite, and anhydrite. Firstly, the
retrieved emissivity spectra obtained with FLAASH-IR, ISSTES, and the modified ASTER-
TES method were compared to the standard spectra. These standard spectra were measured
using the widely used D&P Model 102F spectrometer, which is a non-imaging FT-TIR
spectrometer. The three indicators were then calculated to quantitatively illustrate the
inversion precision. The comparison is shown in Figure 14, with the RMSE and SA values
listed in the corresponding figures.
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In Figure 14, the RMSE and SA values are provided to quantitatively evaluate the
retrieval accuracy of the emissivity spectra. The RMSE reflects the deviation between the
retrieved emissivity and the standard spectra, and the SA reflects the spectral shape and
trend consistency. It is clear that the final emissivity spectra retrieved by ISSTES had the
smallest SA values for these experimental samples, with values of 0.0187, 0.0093, 0.010,
and 0.0138 for calcite, fibrous gypsum, dolomite, and anhydrite, respectively. The results of
ISSTES also had the smallest RMSE values. In addition, ISSTES could obtain a smoother
LSE than the other methods, which was consistent with the emissivity characteristics of
solid materials. All these findings indicate that the ISSTES method can be used to obtain
high-quality emissivity spectra from field-measured data and is superior to the other
two methods.

For FLAASH-IR, a distinct characteristic of the emissivity spectra is that they are rela-
tively irregular compared to those from the other two processing methods. The FLAASH-IR
emissivity values of some bands below 8.5 µm are greater than 1.0. This may be caused
by measurement noise. For a true emissivity value close to 1.0, the retrieval emissivity
result may be greater than 1.0. In addition, due to the empirical relationship in ASTER-
TES, the relationship may also result in emissivity values greater than 1.0. For ISSTES,
since the method is based on physical retrieval and the noise is eliminated via spatial
convolution denoising, the result of emissivity value was less than 1. It should be noted
that, compared to the spectral range with relatively high emissivity values, FLAASH-IR
and ASTER-TES have coarser features in the spectral range with low emissivity values.
This phenomenon is clearly shown in the anhydrite sample spectra shown in Figure 12,
which suggests that these two methods may have retained the atmospheric residuals.
Furthermore, an interesting phenomenon is that the magnitude of the calcite and fibrous
gypsum emissivity spectra from FLAASH-IR was greater than that of the standard spectra,
while the magnitude of the dolomite and anhydrite emissivity spectra was smaller than
that of the standard spectra. One explanation for this phenomenon is that the radiance of
the surrounding objects contained in the background was not considered in FLAASH-IR,
leading to incorrect environmental radiance estimation.

The modified ASTER-TES method showed good performance in retrieving the emis-
sivity spectra that had high spectral contrast. However, it tended to overestimate the
emissivity values for all the samples used in this study. This was mainly because the
maximum emissivity values of mineral materials are normally lower than those of natural
materials, leading to the fitting coefficients not being well-represented for these mineral
materials. In addition, it is inconvenient to migrate the original ASTER-TES method to
the Hyper-Cam LW sensor because the spectral resolution of the Hyper-Cam LW sensor is
adjustable and the data may have different spectral parameters for different measurements.

The SRs of the three methods were calculated and are shown in Figure 15. From
this comparison, it can be seen that the emissivity spectra of the ISSTES method showed
the best agreement with the standard spectra in both shape and magnitude. However,
there were certain magnitude differences between the ISSTES results and the reference
spectra for the calcite, dolomite, and anhydrite samples. These discrepancies were mainly
introduced by the different spatial resolutions. However, the spectral resolution difference
of the measurement configurations may also have had an influence. Overall, it can be seen
that, through the use of the proposed data acquisition and ISSTES processing method, high-
quality emissivity spectra can be obtained using the Hyper-Cam LW FT-TIR hyperspectral
imager, which can reach the measurement accuracy of the Model 102F spectrometer.
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6. Conclusions

As an important physical quantity, emissivity spectra reflect material components and
play a significant role in remote sensing. The current mainstream non-imaging spectrome-
ters for single-point measurement neglect the spatial information of a scene. In contrast,
TIR hyperspectral imagery has the advantages of high spectral and spatial resolutions,
thus providing us with an opportunity to obtain fine ground imagery with emissivity
spectral information. However, there are no recognized spectral emissivity measurement
standards for a TIR hyperspectral imager in the field. In this study, the Hyper-Cam LW
imaging spectrometer was utilized for field data acquisition. In addition, a processing
chain including data acquisition, improvement, and emissivity retrieval algorithms was
developed to obtain high-quality emissivity spectra.

The instrument performance of the Hyper-Cam LW sensor was tested, and the analysis
demonstrated that measurements should be conducted after waiting at least 40 min from
power on in order to avoid the rapid change of instrument temperature. The Hyper-Cam
LW sensor also has very high measurement noise compared to the non-imaging instru-
ments (at around 0.01 K) through most of the TIR bands. Preprocessing, including band
selection and spatial denoising, was performed to improve the image quality for the spec-
tral emissivity retrieval. It was found that the spatial denoising method is more effective
than spectral dimension denoising because spatial dimension denoising does not damage
the atmospheric characteristics. In this work, three widely used TES algorithms, ISSTES,
modified ASTER-TES, and FLAASH-IR, were applied and compared for the retrieval of the
sample emissivity. Compared to the other two algorithms, the ISSTES algorithm showed
the best performance on the Hyper-Cam LW data according to the results distribution of
temperature and emissivity images and the quantitative analysis of the RMSE, SA, and SR
metrics. The ISSTES algorithm was found to be able to reach the precision of the standard
spectra measured by the D&P Model 102F spectrometer. Therefore, the solution proposed
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in this paper could serve as a reference for high-quality emissivity spectra collection us-
ing an FT-TIR imaging spectrometer in the field. It should be stated that the proposed
framework for the Hyper-Cam LW sensor is not an official package endowed with the
instrument; it just proved to be a practical data acquisition and processing flow. Therefore,
more advanced methods in each module could be used by specific scientific communities.

Based on the current research and processing models, applications of the Hyper-Cam
LW sensor are still in the early stages. In this work, we mainly focused on the validation
of instrument performance and emissivity retrieval methods using minerals. For the
emissivity retrieval of both manmade and nature materials from the airborne platform, large
measurement noise and atmospheric effects greatly attenuate the spectral characteristics.
Therefore, more advanced denoising algorithms and atmospheric compensation methods
should be elaborately studied. In our future work, an airborne campaign is planned to
acquire airborne TIR hyperspectral imagery in order to validate the feasibility of retrieving
LSE information from an aircraft platform.
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