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4Laboratoire de Dynamique Moléculaire et Matériaux Photoniques, Université de Tunis,
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Spectroscopy has long been the most important tool for
investigating the earth’s atmosphere. Indeed, it is worth
noting that spectroscopy is the only method that can be used
for remote observations of the atmosphere. Remotemeasure-
ments are indispensable given both the spatial heterogeneity
of the atmosphere’s chemical composition and physical prop-
erties, as well as the financial and technical difficulties (or
outright inability) to probe the atmosphere directly with in
situ sensors of any type. In situ spectroscopic methods are
also widely used in atmospheric studies, includingmeasuring
short-lived reactive species that drive the chemistry of the
atmosphere, isotopologue concentrations, and the optical
properties of particles, which strongly alter radiative forcing
and influence climate. The information provided by such
spectroscopic methods is critical to determining air quality,
identifying emissions of air pollutants, quantifying the mag-
nitude and fluxes of climate forcing agents, ensuring compli-
ance with regulations, and informing environmental policies
at national and international levels.

Despite its long history, new developments in atmo-
spheric spectroscopy continue to bemade both on the instru-
mental side and on the analysis of spectra. On one hand,
on-going instrumental advances continue to be driven by
new technologies in light sources, sample environments, and
detectors; on the other hand, the ability and need to collect
increasingly detailed spatial and temporal information con-
tinue to promote the importance of novel spectral analysis
strategies. So, along with the emergence of new techniques,
even apparently mature spectroscopic techniques continue to
evolve in both scope and performance.

This special issue focuses on several examples of develop-
ments in applying spectroscopy to atmospheric and air qual-
ity measurements. The articles feature a range of techniques
covering wavelengths from the ultraviolet through to the
mid-infrared spectral regions using both active and passive
light sources. This broad spectral range is suited to various
measurement targets, ranging from water vapour and the
major anthropogenic greenhouse gases, carbon dioxide and
methane, to the classical air pollutants, ozone and nitrogen
dioxide. Although most applications focus on direct atmo-
spheric observations, the applications of spectroscopy to air
quality in mines and industrial plume monitoring are also
considered. Technological solutions such as acoustic mic-
roresonators and dual field-of-view lidar allow us to improve
sensitivity detection limits for gas detection and improved
coverage of atmospheric aerosols at near and far ranges. It
is also notable how strongly spectral analysis features in the
papers. This is to be expected given the increasing spatial
information from various approaches and the importance
of remote observations. The articles underline these con-
siderations with new inversion algorithms and calibration
methods for trace gas retrievals and hyperspectral imaging in
the long-wave infrared. Taken together, these studies indicate
the breadth ofmethods, the range of applications, and the on-
going development in spectroscopy as an essential tool for
understanding the atmosphere.
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Hyperspectral imaging in the long-wave infrared (LWIR) is a mean that is proving its worth in the characterization of
gaseous effluent. Indeed the spectral and spatial resolution of acquisition instruments is steadily decreasing, making the gases
characterization increasingly easy in the LWIR domain.The majority of literature algorithms exploit the plume contribution to the
radiance corresponding to the difference of radiance between the plume-present and plume-absent pixels. Nevertheless, the off-
plume radiance is unobservable using a single image. In this paper, we propose a new method to retrieve trace gas concentration
from airborne infrared hyperspectral data. More particularly the outlined method improves the existing background radiance
estimation approach to deal with heterogeneous scenes corresponding to industrial scenes. It consists in performing a classification
of the scene and then applying a principal components analysis based method to estimate the background radiance on each cluster
stemming from the classification. In order to determine the contribution of the classification to the background radiance estimation,
we compared the two approaches on synthetic data and Telops Fourier Transform Spectrometer (FTS) Imaging Hyper-Cam LW
airborne acquisition above ethylene release. We finally show ethylene retrieved concentration map and estimate flow rate of the
ethylene release.

1. Introduction

Anthropogenic sources, especially industrial, have a major
contribution to air pollution and security issues. However,
these emissions remain poorly estimated at a high spatial
resolution over heterogeneous scenes, like industrial plants.

Most of these emissions present a spectral signature
in the thermal infrared domain. This is the reason why
thermal hyperspectral imaging systems are deployed for their
characterization. More, as such plume has a small extent
they require a high spatial resolution imagery which can be
achieved with existing airborne systems [1–3].

However, signature of gaseous effluents differs highly
from usual targets since the plume modifies the spectral
signature of the background: different pixels in the data cube
that contain the same gaseous plume could have a totally

different spectral signature. At first order, spectral signature
of these pixels will correspond to background spectra affected
by either absorption or emission of the gas. This variability
depends onbackgroundmaterials and temperature difference
between the ground and the plume.

Existing approaches which use the spectral information
of such sensor to characterize gas plume can be divided
into two stages: endmember decomposition techniques to
estimate the background properties [4–6] and trace element
detection [7–10] or quantification methods [11–13] based on
estimated gas differential signature (difference for each “on-
plume pixel” between measured radiance and “off-plume”
estimated radiance).Then it has been shown that background
uncertainty and heterogeneity are one of the major sources
of incertitude in gas quantification and detection limit [14–
16]. Depending on the ground properties the same amount
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of gas can have a signature; thus a retrieved concentration is
modified by a factor of ten.

This paper aims to reduce the quantification error due to
misestimation of background properties.

To deal with ground variability for heterogeneous scene,
clustering was suggested to compute covariance matrices of
different spatial classes composing the background [7, 11],
thus creating independent classes on which detection algo-
rithms are applied.

The major limitation of these methods is that clustering
background step may be contaminated by the presence of the
gas plume [4, 5, 17].

If existing in the reflective domain, for example, the very
weak gas plume signature has little impact on the clustering
stage [7, 8]. But for quite strong signature in the thermal
domain, gases plume anomalous classes can appear.

To overcome such issues, the clustering phase should be
achieved outside the spectral bands corresponding to the
strong absorption of the gas to be detected. Some recent
works [18] show that such Selected-Band approach can be
used to estimate background radiance under the plume with
an interesting precision for various scenes.

In this paper, we look for a background estimation
method that will efficiently reduce the gas retrieval quantifi-
cation error in the case of heterogeneous scene. In this work
we introduce a novelmethod to estimate pixel by pixel the off-
plume radiance under the plume and the specific additional
spectral signature introduced by the gas plumeusing airborne
hyperspectral data.

This method aims to overcome the difficulties that arise
from the inherent mixture of the heterogeneous background
and the gas plume spectra. We decompose the scene accord-
ing to the spectral-spatial information, and, for each pixel of
each cluster, we estimate differential gas signature taking into
account background variability and gas spectral behavior.

This paper is structured as follows. Section 2 is dedicated
to the description of the methodology. Then, Sections 3
and 4 evaluate the application of our method on synthetic
data and Telops Hyper-Cam airborne platform data. Finally,
concluding remarks are given in Section 5.

2. Methodology

2.1. Plume Detection. Plume detection is an important step
for gas quantification process. It allows selecting the plume
area, where the background radiance has to be estimated, and
the off-plume area useful to getting background properties.

In the literature, several algorithms have been proposed
to detect the presence of gas fromhyperspectral data. Spectral
Matched Filter (SMF) [4] was chosen in this study because it
produced a good detection of the plume with a low number
of false alarms.

LetX be a hyperspectral image of𝑁 pixels and𝑁B bands,
represented by an𝑁 × 𝑁B matrix. With T being the gaseous
target spectrum, we can write for the 𝑖th pixel x

𝑖
of the

hyperspectral image X:

x
𝑖
= T ⋅ 𝛼

𝑖
+ d, (1)

where 𝛼 is the target fit coefficients (abundances) and d is the
residual vector to be minimized. To retrieve the abundances
𝛼, we need to solve the unconstrained regression (see (1)).The
analytic solution of this regression is

𝛼
𝑖
=
T𝑇Σ−1X x

𝑖

T𝑇Σ−1X T
, (2)

where ΣX is the covariance matrix of this scene. An unbiased
estimation of ΣX can be calculated as follows:

ΣX =
1

𝑁 − 1
⋅

𝑁

∑

𝑖=1

(x
𝑖
− ⟨x⟩) (x𝑖 − ⟨x⟩)

𝑇
. (3)

We consider here the targeted gases as known. Hence, we
use the spectra of targeted gases from the Pacific Northwest
National Laboratory (PNNL) absorbance Library [19, 20] to
construct T. The detection performance can be improved by
using an estimation ofΣX involving only plume-absent pixels.

Once the vector of abundances 𝛼 is calculated, the plume
mask is deduced by thresholding.

2.2. Selected-Band Approach (SB). The principal components
analysis (PCA) was applied by many authors [10, 11, 21] in
order to obtain a representation of the background radiance
of plume-present pixels (𝐿bkg(𝜆)). First, the principal vectors
are computed using the plume-absent pixels radiances.Then,
background radiances of plume-present pixels are assumed
to lie in the subspace spanned by these principal vectors.

Niu et al. [18] go even further by developing an approach
to estimate the background radiance. This approach is based
on the fact that, in plume presence, the on-plume radiance
(𝐿on(𝜆)) is essentially equal to its background (off-plume)
radiance over the most transparent spectral bands. Using
this observation, they combine a Selected-Band algorithm to
determine these transparent spectral bands with the PCA in
order to estimate 𝐿bkg.

Thereafter, in the present paper, we shall refer to this
method simply as Selected-Band (SB).

After a plume detection on the hyperspectral image X,
𝑁off pixels do not contain any plume gas. A𝑁off ×𝑁B matrix
Loff is constructed by arranging the off-plume measured
radiance spectra. A PCA model is then given by

Loff = Uoff ⋅ P
T
+ Eoff , (4)

where Uoff is an 𝑁off × 𝑁p matrix of coefficients for plume-
absent pixels, P is an𝑁B × 𝑁p of principal components, and
Eoff is the residual matrix. 𝑁p is the number of considered
principal components. For the used data, we found𝑁p = 10
to be an appropriate choice. It allows us to save more than
99.9% of the information.

Since the background radiances of plume-present pixels
are assumed to lie in the subspace spanned by the principal
components P, the matrix Lbkg of the background radiance
spectra of the 𝑁on plume-present pixels could be expressed
as follows:

Lbkg = U ⋅ P
T
+ Ebkg. (5)
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U is an𝑁on ×𝑁p matrix of unknown coefficients to be deter-
mined. Ebkg is the residual matrix in this case.

For this purpose, a second PCA model is written for the
𝑁on plume-present pixels, using only the 𝑁SB bands, where
the gas absorption coefficient is virtually nil:

Lsbbkg = L
sb
on = U ⋅ P

sbT
+ Eon, (6)

where Lsbon is an 𝑁on × 𝑁SB matrix, containing the on-plume
measured radiance spectra for the selected bands. PsbT is an
𝑁SB ×𝑁p matrix of principal components; Eon is the residual
matrix.

By using the Moore-Penrose pseudoinverse of the matrix
Psb (Psb†

= (PTP)−1PT), a least-square estimate forU is given
by

U = Lsbon ⋅ P
sb†T
. (7)

An estimation of the background radiances of plume-present
pixels is thus obtained by the following expression:

Lbkg = L
sb
on ⋅ P

sb†T
⋅ PT
. (8)

The SB method has two leading limitations: the first
comes from the assumption that Lsbbkg = L

sb
on. This equality is

not effective if the temperature of the plume is different from
the ambient atmospheric temperature. Indeed, this temper-
ature difference will have an impact on the transmission of
atmospheric gases and therefore on the on-plume radiance
outside gases signatures.

The second limitation relates to the case of heterogeneous
soil. SB method as presented by Niu et al. can be limited if
some background plume-present pixels are not well repre-
sented in plume-absent pixels.We propose otherwise to solve
this second point using a classification of the scene.

2.3. Clustering-Based Selected-Band Method (CSB Method)

2.3.1. Classification of the Scene. Since Funk et al. [7] the
classification of a hyperspectral scene is a main preliminary
step of plume characterization through this scene. Funk et
al. showed that classification improves the results of plume
detection algorithms. They concluded that clustering data
and removing the mean values could be seen as a type of
automatic background suppression.

Moreover, the classification of the scene aims to carry
off the disturbances on plume’s quantification due to the
heterogeneity of the soil [15].

In this subsection, we explain the classification process
in order to enhance the background radiance estimation. A
first classification is carried out on the plume-present pixels
(a plume detection algorithm is executed upstream); another
is done on the rest of the image.

This classifications is organized in two stages: first, we per-
form a principal components transform [4] on the radiance
spectra of the pixels of interest. Then, we just select the first
components for further classification because the important
background information is included in these components.

Finally, we carry out a classical 𝑘-means on these components
to classify the scene.

The interest of this dimension reduction is to shorten
the time processing of the 𝑘-means algorithm, without
deteriorating its performances. The number of the retained
components depends on the image to be treated. Usually, the
use of the 3 first principal components is sufficient to have a
good classification of the scene.

We choose the 𝑘-means algorithm for our classification,
at one hand, because it is an unsupervised algorithm.Thus, it
will be appropriate for a large number of different hyperspec-
tral images. On the other hand, this algorithm is one of the
fastest clustering algorithms.

At the end of this step, we obtain 𝑁C classes in the
area without plume and 𝑁CP classes containing plume. The
number of these clusters depends on the threshold𝐷max, used
to specify the maximum distance of a pixel to the centroid of
its cluster.

2.3.2. Clustering-Based (CB) Background Radiance Estima-
tion. A first approach of Clustering-Based (CB) background
radiance estimation we used consists in a classes matching
between the plume-present and plume-absent regions.

The area under the plume has a petty spatial extent
compared to the rest of the scene, whereof it only contains
a small number of classes. In most cases it stands to reason
to assume the classes under the plume as an extension of
classes outside the plume and we assume that the presence
of gas does not change the main properties of background.
Indeed, the threshold𝐷max is selected such that pixels belong-
ing to the same class have nearly the same characteristics
(ground temperature and emissivity, atmospheric profiles).
Thus, within a class, the off-plume radiance 𝐿off is very close
from one pixel to another.

For each plume-present class CP
𝑖
, the average spectrum

of its pixels is calculated; it is then compared to the average
spectra of all plume-absent classes (C

𝑗
)
1≤𝑗≤𝑁C

. Readers will
note that the comparison is performed only on bands where
the target gases absorption coefficients are very small. Class
C
𝑗∗

with the minimal distance from the plume-present class
CP
𝑖
and the latter are considered to be the same. For a pixel

xp in this class CP
𝑖
, we consider that its background radiance

𝐿bkg(xp) is equal to the mean radiance of pixels belonging to
class C

𝑗∗
.

TheCBmethod bypasses the soil heterogeneity limitation
of the method SB. However, it does not take into account
the intraclass variability of the background radiance. In the
following paragraph we will present another Clustering-
Based method that appropriates the benefits of SB and CB
methods of 𝐿bkg estimation, without their shortcomings.

2.3.3. Clustering-Based Selected-Band Method (CSB Method).
In order to improve the background radiance estimation
given by the Selected-Band approach (see Section 2.2) and
the Clustering-Based method (see Section 2.3.2), we propose
to perform this method on each cluster stemming from the
classification (Section 2.3.1).



4 Journal of Spectroscopy

After a plume detection, classifications of the scene are
realized separately for plume-absent pixels and for plume-
present pixels; then each class of plume-present pixels is
associated with a plume-absent pixels class. For each plume-
present class CP

𝑖
, the Selected-Band approach is performed

using (8) with a matrix PT
C𝑗∗ derived from a PCA involving

the pixels of the class C
𝑗∗
. Recall that the latter corresponds

to the plume-absent class with the minimal distance from the
plume-present class CP

𝑖
:

LCP𝑖bkg = L
sb CP𝑖
on ⋅ P

sb†T
CP𝑖 ⋅ P

T
CP𝑖 .

(9)

In the following sections, we will present the improve-
ment of background radiance estimation for plume-present
pixels due to this new method, both on synthetic and real
scenes.

3. Application on Synthetic Data

3.1. Presentation of the Synthetic Data. To evaluate the per-
formances of background radiance estimation, synthetic data
of an industrial scene were used. These data were simulated
using a tool we have developed in order to provide a
comprehensive test where the “truth” is known.

The dimensions of the simulated images are 200 ×
200 × 107 (rows by columns by spectral dimension). The
wavenumber range used is 800 to 1330 cm−1 with a resolution
of 5 cm−1. In this subsection, we describe the process of
synthetic data generation.

3.1.1. Ground Simulation. We first defined the distribution
of soil composition. Several materials frequently present in
industrial scenes (asphalt, copper, aluminum, grass, etc.) were
chosen (see Figure 1). Then we attributed for each pixel of
the image the appropriate physical properties (emissivity and
temperature), according to the present material.

The emissivities were taken from ASTER data base
[22]. Figure 2(b) represents the emissivities of the different
materials present through the synthetic scene.

The ground temperature varies widely depending on
weather conditions, soil composition, orientation of the sur-
faces, and the relief of the scene (shadow effect). It is therefore
very difficult to have a realistic estimate of this quantity. The
values we have chosen are close to those measured during the
CAPITOUL [23] experiment.

In order to take into account the intraclass variability of
the ground temperature, a Gaussian white noise was added to
this parameter with a standard deviation of 1–3K according
to the material. In contrast, we did not take into account the
intraclass variability of ground emissivity.

3.1.2. Atmospheric Profiles Integration. We assume that the
scene dimensions are small enough to consider a spatially
uniform atmosphere over the image.The atmospheric species
(especially water vapor and ozone), the pressure, and the
temperature profiles are set for the different altitudes of the
atmospheric layers. For this purpose we have used models
derived from radiosonde measurements.

Brown sandy loam
Asphalt
Bare red brick
Olive green paint
Aluminum

Green grass
Oxidized galvanized steel
Copper
Slate stone shingle
Concrete paving

Figure 1: Spatial distribution of the different groundmaterials com-
posing the scene.

At this stage, we generate a free-plume hyperspectral
image of the scene, based on MODTRAN calculations, using
COMANCHE software [24].

3.1.3. Gas Signature. The different gas species absorb light at
various wavelengths. This phenomenon depends on the elec-
tronic, vibrational, and rotational bands of the gas molecules.

In this study, we selected two pollutant gases with very
different radiative behavior. The sulfur dioxide (SO

2
) has

a spread absorption spectrum on the 7.5–12.5𝜇m band as
shown in Figure 4, while the ammonia (NH

3
) presents

several narrow spectral bands, especially for the wavelengths
10.42 𝜇m and 10.75 𝜇m, which correspond to 960 cm−1 and
930 cm−1 in terms of wavenumber.

The absorption spectra of Figure 4 are taken from the high
resolution library of the PNNL. These spectra were reduced
to a 5 cm−1 spectral resolution to be consistent with typical
sensor spectral resolution.

3.1.4. Plume Distribution Simulation. In order to introduce
the plume’s radiative impact to the free-plume signal, we have
to model the 3D plume distribution in the scene, which is to
define for each pixel of the plume the vertical profile of the
present gases.

ADMS-Aircraft (Atmospheric DispersionModelling Sys-
tem) code [25] was used to generate a Gaussian plume based
on the Brigg equation for plume dynamics [26]. The use
of ADMS-Aircraft code requires the specification of some
inputs related to the scene geometry, the atmospheric and
meteorological conditions (in particular the wind speed and
direction), and the plume initial conditions like the release
rate/velocity/temperature.

Figure 5 shows the distribution of integrated concentra-
tion of a simulated SO

2
plume with the following parameters:

(i) outflow rate (SO
2
): 222 g/s,

(ii) outflow rate (NH
3
): 11.39 g/s,

(iii) stack height: 20m,
(iv) stack radius: 3m,
(v) plume ejection speed: 2m/s,
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Figure 2: Ground parameters simulation. (a) Ground temperature map. (b) Emissivity spectra of materials present in the synthetic scene.

Figure 3: Synthetic refinery scene without plume. Image in RGB
colors, representing the bands (R: 820 cm−1, G: 965 cm−1, and B:
1165 cm−1).

(vi) plume ejection direction: vertical,
(vii) wind speed: 2m/s.

A plume temperature distribution simulation is also needed
to introduce the plume’s radiative impact on the free-plume
signal. To introduce plume temperature distribution needed
to estimate the plume’s radiative impact on the free-plume
signal, we only set the gas exit temperature assuming that
Δ𝑇, the difference between the plume temperature (𝑇p)
and the initial ambient temperature (𝑇a), follows the same
distribution compared to the gas concentration [11]. In our
simulation we fixed Δ𝑇 at the emission source to 300K.

The radiance signal of the plume-present scene is rep-
resented in Figure 6 and that of the plume-absent scene in
Figure 3.This signal is obtained using COMANCHE software
that takes into account all the parameters described above.
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Figure 4: Absorptive coefficient spectra of sulfur dioxide (blue
curve) and ammonia (red curve).

3.2. Results and Discussion

3.2.1. Plume Detection. The first step performed is the plume
detection.TheSMFalgorithmwas applied twice: the first time
for detecting SO

2
. The absorbance of this gas was used to

model the associated target vector T. The second time the
vector T was taken equal to the absorbance of NH

3
. After

two thresholding operations on these results, we consider that
the plume region is the union of the two masks. Note that a
morphological opening operation was performed in order to
remove the detection artifacts.

Figure 7 represents the plume mask obtained at the end
of these treatments.

3.2.2. Classification of the Synthetic Scene. In this subsection,
we evaluate the efficiency of the proposed classification
method. For this purpose, the confusion matrix and the
Cohen kappa coefficient are used.
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Figure 5: Distribution of SO
2
concentration of the simulated plume,

with an outflow rate of 222 g/s and a wind speed of 2m/s.

Figure 6: Synthetic refinery scenewith aGaussian plume of SO
2
and

NH
3
. Image in RGB colors, representing the bands (R: 820 cm−1, G:

965 cm−1, and B: 1165 cm−1).

Figure 7: Plume detection mask for the synthetic refinery scene.

In Figure 8, we illustrated the classification results on
the synthetic refinery scene, both for the plume-absent area
(Figure 8(a)) and the plume-present area (Figure 8(b)).

Otherwise, in Table 1, we figured the confusion matrix
of the two classifications realized. This matrix represents, for
each material present in the synthetic scene, its distribution

Table 1: Confusion matrix of the classifications performed on the
synthetic refinery scene.

(a)

Material Classes of the plume-absent area
1 2 3 4 5

Green grass 3149 141 0 0 0
Brown sandy loam 3 15241 121 0 0
Olive green paint 0 15 3165 350 0
Asphalt 0 410 2543 999 0
Bare red brick 0 0 51 36 0
Concrete paving 0 206 1695 891 0
Slate stone shingle 0 380 220 3 0
Oxidized
galvanized steel 14 686 734 198 0

Aluminum 0 0 0 0 709

(b)

Material Classes of the plume-present area
1 2 3 4

Brown sandy loam 5145 9 0 0
Asphalt 128 612 0 0
Bare red brick 0 29 0 0
Concrete paving 46 373 0 0
Copper 0 0 60 220
Aluminum 0 0 0 1418

according to the obtained clusters. The classification of the
plume-absent region yields to 5 clusters, while the plume-
present classification leads to 4 clusters.

From Figure 8 and Table 1, one can notice that materials
could be sorted into three different families: Green grass,
{Aluminum + Copper}, and the other materials of the scene.
This result is consistent with the ground parameters distri-
bution: the surface temperature of the Green grass is lower
than the temperature of other materials (see Figure 2(a)).
Moreover, aluminum and copper are reflective materials,
unlike the other materials (see Figure 2(b)).

Inside the two last families of materials, the discrimina-
tion is quite difficult to achieve. Indeed, the radiances of those
materials are very close. Nevertheless, the performed classi-
fications are rather successful. The Cohen kappa coefficient
is equal to 0.61 for the plume-absent classification; the latter
equals 0.81 for the plume-present classification. According to
the characterization done by Landis and Koch [27] on the
values of the kappa coefficient, our classifications present a
substantial (0.61) agreement and an almost perfect agreement
(0.81).

3.2.3. Comparison of Background Radiance Estimation Meth-
ods. In order to compare the performance of the three meth-
ods used to estimate the background radiance, four pixels
through the plume were picked out. These pixels, belonging
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Figure 8: Classification results on the synthetic refinery scene. (a) Plume-absent region. (b) Plume-present region.

Figure 9: Positions of used pixels in the background radiance esti-
mation methods comparison.

to different classes derived from the classification (see Sec-
tion 3.2.2), are figured hereafter in Figure 9. The ground of
these pixels is composed, respectively, of brown sandy loam,
asphalt, aluminum, and copper.

Figure 10 summarizes the results of background radiance
estimation using the three methods: SB, CB, and CSB. For
each of the selected pixels are represented the on-plume
radiance (red), the real off-plume radiance (dotted green),
and the estimation of 𝐿bkg using SB (cyan), CB (blue), and
CSB (magenta).

The cluster of brown sandy loam is the most present
among plume-absent pixels.Thus, the background properties
of the latter are strongly represented in the principal vectors
derived from the PCA. It is therefore obvious that the
SB method gives an accurate estimate of the background
radiance for pixels of this cluster (Figure 10(a)).

Furthermore, the background radiances of asphalt cluster
pixels are pretty close to the background radiances of brown

sandy loam cluster pixels. That is why 𝐿bkg estimate given
by SB approach remains rather effective for this cluster
(Figure 10(b)).

Nonetheless, reflective materials clusters have a back-
ground radiance much far from the main plume-absent clus-
ter, which affects significantly the accuracy of the background
radiance estimation using SB, as we notice in Figures 10(c)
and 10(d).

We observe in these two last figures that, for such materi-
als, SB method reproduces approximately the high frequency
variations. However, there is a component similar to themain
cluster background radiance, which adds up to the estima-
tion.

These curves indicate at one hand that the Selected-
Band approach yields an accurate estimate of the background
radiance, for the pixels of the most represented class among
plume-absent pixels. But on the other hand, for other classes,
the less the class is represented outside the plume, the less
its background radiance is correctly estimated. From these
observations, we deduce that SB method does not manage
well the case of heterogeneous background estimation.

Figure 10 shows that the introduction of a classification
to the background radiance estimation process improves the
results, especially for the minority classes of the scene. For
those pixels (Figures 10(c) and 10(d)), the two classification-
basedmethods (CB andCSB) give amore accurate estimation
than SB does.

One can note that, for pixel 4, there is a slight difference
between the real 𝐿bkg radiance and the estimated one using
CB or CSB. This difference comes from the fact that the class
#4 is not represented at all in the plume-absent region. Thus,
it is assimilated during the classification with the class #3.

Regarding to the pixels 1 and 2, the results of the method
CB are less specific than those of the SB method. Indeed, CB
methoddoes not take into account the intraclass variability by
assimilating to each plume-present pixel the mean radiance
of plume-absent pixels belonging to the same class of the
latter. To this limitation, we must add the errors due to
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Figure 10: Comparison of background radiance estimationmethods, for four different pixels through the plume.The red curves stand for the
on-plume radiances; the dotted green ones are the real background radiances.The cyan, blue, and magenta curves represent, respectively, the
background radiance estimated by the SB, CB, and CSB methods. (a) Results for pixel 1 (brown sandy loam), (b) results for pixel 2 (asphalt),
(c) results for pixel 3 (aluminum), and (d) results for pixel 4 (copper).

the missclassification. Despite these two sources of errors, the
CB background radiance estimation is still acceptable.

Concerning the CSB method, the estimation coincides
perfectly with the real background radiance, for those pixels.
This method manages well the intraclass variability.

In order to have a spatial visualization of the estimation
error of the three compared methods, we illustrated in Fig-
ure 11 themean error of background radiance estimation.This
mean error was expressed in terms of brightness temperature.

Figure 11 upholds the undermentioned results. As
expected, with the SB approach, we obtain a mean error less
than 5K for the classeswhich are themost represented among
plume-absent pixels (#1 and #2). This result confirms the
efficiency of the approach on homogeneous scene. However,

for the two other classes, which are poorly (#3) or not (#4)
represented among the plume-absent pixels, we reach more
than 45K of error.

In the case of Clustering-Based methods, the mean error
obtained for theminority clusters is far smaller than the error
gotten with SB approach. Through class #4 the mean error is
less than 4.5K, both for CB and CSB methods, despite the
fact that the latter is not represented among the plume-absent
pixels.

For the other classes, even class #3 which presents more
than 35K of error with the SB approach, we hardly reach less
than 2.5Kof error (CSBmethod).With theCBmethod, some
pixels have a mean error reaching 5.5K, but those pixels are
very few.
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Figure 11: Mean error of background radiance estimation, expressed in terms of brightness temperature. (a) Mean error obtained with the
Selected-Band estimation method. (b) Mean error obtained with the Clustering-Based estimation method. (c) Mean error obtained with the
Clustering-Based Selected-Band estimation method.

To assess the overall performance of these three methods,
the average error was calculated over the plume. As expected,
the CSB method is the best of the three methods: the mean
error obtained over the plume is equal to 0.48K. With the
CB method, the mean error remains low; it equals 0.80K.
However, the SB method gives a mean error of 9.55K over
the plume. This is explained by the large error of estimation
for classes #3 and #4.

After carrying out the three methods on synthetic data,
we can conclude that CSB approach provides better results
than CB and SB approaches, particularly regarding materials
not well, or not at all, represented among the plume-absent
pixels.

4. Application on Real Data

4.1. Presentation of TelopsHyper-CamAcquisition. TheTelops
Hyper-Cam LW is a lightweight and compact imaging
instrument which uses Fourier Transfer Infrared (FTIR)

technology. The spectral resolution is user-selectable up to
0.25 cm−1 over the 7.7 to 11.7 𝜇m spectral range.The ground-
based Telops Hyper-Cam is installed on a stabilization plat-
form equipped with a global positioning system (GPS) and
inertial motion unit (IMU). In a FTS imaging system, signal
modulation is achieved using a Michelson interferometer.
Acquiring a full interferogram typically lasts about one
second. Therefore, an image motion compensation mirror
uses GPS/IMU data to compensate efficiently for the aircraft
movements during data acquisition.

This flight was carried out using a Hyper-Cam LW sensor
at an altitude of 685meters and a speed of 110 knots leading
to a ground pixel size of 0.057m2/pixel. A spectral resolution
of 6 cm−1 was used which gives a total of 90 spectral bands
equally spaced over the whole range cover by the focal pane
array detector. Outside temperature, wind speed, and relative
humidity at ground level were 21∘C, 15 km/h, and 37%,
respectively.
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Figure 12: Illustration of subimage and pixels used in the background radiance estimation methods comparison.
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Figure 13: Ethylene release detection. (a) Absorptive coefficient spectrum of ethylene (from PNNL). (b) Plume detection mask for Telops
parking scene.

Airborne hyperspectral infrared measurements were car-
ried out above a pure ethylene gas released. Ethylene is a
flammable gas massively used worldwide in the production
of many polymer materials. During this experiment, gas was
released at a constant flow rate of approximately 20 L/min.

4.2. Ground Radiance Estimation. Since the ethylene plume
covers a ground composed entirely of asphalt, we reduced the
size of the image to be processed, in order to limit the number
of classes obtained in the plume-absent area. This 100 × 100
subimage is represented by the red square in Figure 12.

4.2.1. Ethylene Presence Detection. The SMF algorithm was
applied on the Telops acquisition in order to define the
ethylene release spatial extension. The ethylene’s absorbance

curve, illustrated in Figure 13(a), was used tomodel the target
vector T (see Section 2.1).

A plumemask (Figure 13(b)) is obtained after the applica-
tion of a threshold on the abundances image 𝛼. In addition,
we performed a morphological opening operation, in order
to take away the detection artifacts.

Unfortunately the applied morphological opening
removes some plume-present pixels, which are localized at
the frontier of the plume.

4.2.2. Classification of Telops parking Scene. Asopposed to the
synthetic scene case, we cannot have a quantitative evaluation
of the classification. Thus, only a qualitative description of it
is given thereafter.

On this acquisition performed around 11 a.m., one can
notice the presence of a temperature gradient along the
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Figure 14: Classification results on Telops parking scene. (a) Plume-absent region. (b) Plume-present region.

southeast to northwest direction. Indeed, the sun,while rising
in the sky, heated gradually the scene.Thus, even if two pixels
are composed from the same material, they could have two
different ground temperature, according to their location in
the scene. Consequently, those pixels should be classified into
two different clusters.

Figure 14 shows the classification results obtained on
Telops’ parking scene.The classification on the plume-absent
region is illustrated in Figure 14(a), while the classification
involving the plume-present region is illustrated in Fig-
ure 14(b).

The plume-present region was clustered into 3 classes,
while the plume-absent region was clustered into 57 classes.

From these two figures, we notice that the classifica-
tion complies with the temperature gradient. Note however
that the classification in the plume-present region is more
accurate than the second classification. Indeed, the plume-
absent classes corresponding to the plume-present classes #2
(yellow) and #3 (brown)weremerged into the same class.This
can be explained by the fact that we used a threshold on the
size of class (𝐷max) higher in the plume-absent case, in order
to reduce the number of classes.

4.2.3. Comparison of Background Radiance Estimation Meth-
ods. For this scene, we do not have any a priori knowledge
of the background radiance. But, by observing the scene, we
can notice that it seems to be homogeneous along the vertical
direction. In other words, it is justified to assume that 𝐿bkg
is vertically constant. Hence, for a given plume-present pixel,
we approximate its background radiance by the mean spectra
of some plume-absent pixels located at the same column than
the latter. This radiance will be designated by the term ⟨𝐿off⟩.

Figure 15 shows the results of background radiance
estimation using the three methods: SB, CB, and CSB. For
the three selected pixels, we figured the on-plume measured
radiances (red curve), the expected off-plume radiances
(dotted green curve), and the estimation of 𝐿bkg using SB
(cyan), CB (blue), and CSB (magenta).

The first point we can deduce from Figure 15 is the
relevance of the radiance ⟨𝐿off⟩ to model the background
radiance. One can notice that it agrees quite well with the on-
plume radiance on bands where the absorbance of ethylene is
close to zero.Moreover, the difference between ⟨𝐿off⟩ and 𝐿on
on bands of ethylene absorption follows the same variation
then the absorption curve of ethylene.

For the three chosen pixels, the background radiance
estimation obtained by both CB and CSB methods is rather
consistent with ⟨𝐿off⟩. Nonetheless, the SB estimate does not
match well with the expected radiance. For pixels #1 and #2
SB approach underestimates the background radiance, while
it overestimates 𝐿bkg for pixel #3.

Those estimation errors are distributed over the whole
spectral range.They are more important for ethylene absorp-
tion features.

So as to get an idea of the error magnitude for each
method, two parameters measuring this error with respect to
the expected radiance were defined: the root mean square of
the brightness temperature error (𝜎

𝑇b
) is calculated, for each

pixel, as follows:

𝜎
𝑇b
(K) = √ 1

𝑁B
⋅ (𝑇bkg − ⟨𝑇off⟩) ⋅ (𝑇bkg − ⟨𝑇off⟩)

𝑇

, (10)

where 𝑇bkg is the background brightness temperature esti-
mated by one of the three methods, for the concerned pixel.
⟨𝑇off⟩ is the expected background brightness temperature, for
pixel in question.

Moreover, we define the relative root mean square error
on radiance (𝜎

𝐿
) by

𝜎
𝐿 (%)

= √
1

𝑁B
⋅ (

𝐿bkg − ⟨𝐿off⟩

⟨𝐿off⟩
) ⋅ (

𝐿bkg − ⟨𝐿off⟩

⟨𝐿off⟩
)

𝑇

,

(11)
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Figure 15: Comparison of background radiance estimationmethods, for three different pixels through the plume.The red curves stand for the
on-plume radiances; the dotted green ones are the expected background radiances.The cyan, blue, andmagenta curves represent, respectively,
the background radiance estimated by the SB, CB, and CSB methods. (a) Results for pixel 1, (b) results for pixel 2, and (c) results for pixel 3.

where 𝐿bkg is the background radiance estimated by one of
the three methods, for the concerned pixel.

We figured the obtained results, for each of the three
pixels, in Table 2.

Table 2 validates the conclusions deduced from Figure 15.
The SB method gives a less accurate estimation than the
Clustering-Based methods. If for pixel #1, the mean error
calculated is three times higher with the SB method, it
becomes ten times higher for pixels #2 and #3. Otherwise,
the CBmethod has a background radiance estimation almost
as similar as the CSB method estimation. Beside for pixel #1,
the estimation obtained by the CB method is better than that
obtained by CSB method. Moreover, the average error of all
plume-present pixels is equal to 0.64K for the CB method,
while it is equal to 0.68K for the CSB method. However the
two methods remain of the same order of magnitude.

Recall, nevertheless, that ⟨𝐿off⟩ is just an approximation
of the real 𝐿off . Thus, the result presented below does
not induce necessarily that CB method is better than CSB
method.

Figure 16 illustrates a comparison of different radiances
at the ethylene most absorptive band (950.4 cm−1), for pixels
along a horizontal cross section. Pixels from 35 to 55 are
plume-present pixels. Therefore, the radiances comparison is
restricted to those pixels.

Figure 16 shows that the SB approach miscalculates the
background radiance, comparing to the other methods. On
a part of plume-present pixels, it overestimates 𝐿bkg, while it
underestimates this term on the other parts of plume-present
pixels.The estimation error reaches atmost 10%for this band.
Recall that this band is the most important for the ethylene
quantification (see Figure 13(a)).
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Table 2: Evaluation of the difference between expected background
radiance and estimated background radiance, using one of the three
methods used in this paper. The first table presents the root mean
square of the brightness temperature error (𝜎

𝑇b
), while the second

summarizes the results in terms of the relative root mean square
error on radiance (𝜎

𝐿
).

(a)

𝜎
𝑇b
(K) Selected pixels

1 2 3
SB 1.96 3.32 3.94

CB 0.36 0.44 0.46

CSB 0.5 0.29 0.4

(b)

𝜎
𝐿
(%) Selected pixels

1 2 3
SB 3.1 5.06 6.21

CB 0.55 0.69 0.68

CSB 0.95 0.5 0.67
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Figure 16: Comparison of different radiances at the ethylene
absorptive band (950.4 cm−1), along a horizontal cross section
containing some plume-present pixels. The red curve stands for the
on-plume radiances; the green dotted one is the expected back-
ground radiances. The cyan, blue, and magenta curves represent,
respectively, the background radiances estimated by the SB, CB, and
CSB methods.

As expected, the radiance estimated using CBmethod is a
constant piecewise function.We can see that, for the first class
(from the left), the estimated radiance is consistent with the
mean of the expected radiance (⟨𝐿off⟩) of concerned pixels.
But for the second class, which is the result of merging of two
classes (see Figure 14), the estimated radiance does not match
perfectly with the mean of ⟨𝐿off⟩. Using a better classification
of the plume-absent region, it is possible to sort this second
class into two classes, which improves the estimation yielded
by CB method.

In Figure 16, we observe that CSB method takes into
consideration the intraclass variability, which allows getting
better estimation with this method than CB method. For
the concerned band, CSB method does not exceed 3% of
estimation error.

In order to generalize those observations to the all plume-
present pixels, we illustrated in Figure 17 a comparison of
the background radiance estimation obtained by each of the
three methods. This comparison is performed at the band
950.4 cm−1.

One can notice that at the frontier of the plume, some
plume-present pixels have a relatively low radiance (dark
pixels). This is due to a bad plume detection in this region as
we already explained it above. For those pixels, the radiance
represented in Figure 17 is 𝐿on and not 𝐿bkg.

Figure 17(a) shows that SB method overestimates the
background radiance on a part of plume-present pixels
(bright area of the plume). On another part of plume-present
pixels, 𝐿bkg is underestimated (dark area of the plume). This
is due to the presence in the plume-absent region of more
or less shinny materials than the plume-present pixels. The
signal of those materials is then integrated in the principal
components derived from the PCA.

The Clustering-Based methods use only the signal of
plume-absent pixels having the same background properties
than the plume-present pixels. The use of only pertinent
information for the background radiance estimation there-
fore allows improving its accuracy.

This is clearly visible in Figure 17, since we note a certain
homogeneity between the value of the plume-present and the
plume-absent radiance.

4.3. Gas Concentration Estimation. From the scene described
in Figure 12, we first compute an atmospheric compensation;
then we apply a linear algorithm to estimate ethylene concen-
tration for each background estimation.

Atmospheric compensation stage has two goals: first it
aims to avoid the introduction of a probable bias from
atmospheric nontarget gases on the retrieval; then it allows
the estimation of the atmospheric ground level tempera-
ture and water vapor concentration. We assume here that
atmosphere properties are homogeneous over the scene. We
applied a Spectral Smoothness (SpSm) algorithm [28, 29] on
a homogeneous subimage to estimate atmospheric profiles
(temperature, water vapor), surface emissivity, and surface
temperature.

The SpSm algorithm from a set of initial guess is used to
reduce retrieved emissivity spectral variability on homoge-
neous area of concrete material. The initial set is composed
with an atmospheric profile of temperature and water vapor
from “Quebec meteorological center” fitted with local mea-
surement (294.15K for atmospheric ground temperature and
37% for relative humidity) and ground temperature obtained
from the highest value of spectral brightness temperature
measured on the scene. We use 150 tiny variations of atmo-
spheric profiles and 150 different ground level temperatures to
find the optimal set of parameters which leads to low spectral
variation of retrieved spectral emissivity. For this concrete
subimage the corresponding retrieved spectral emissivity is
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(a) (b)

(c)

Figure 17: Comparison of the three background radiance estimations according to the band 950.4 cm−1, where the ethylene absorbance is
the most important. (a) Selected-Band approach. (b) Clustering-Based method. (c) Clustering-Based Selected-Band method.

shown in Figure 18. The corresponding ground temperature,
ground level atmospheric temperature, and water vapor con-
centration are, respectively, 316.5K, 296.6K, and 10200 ppm.

From this atmospheric profile we compute atmospheric
transmission and atmospheric radiance used for the atmo-
spheric correction pixel by pixel.

Finally, the simple quantification algorithm used is from
a linear model of the differential signature:

ΔL = Lon − Loff = 𝜌 ⋅ A (𝜆) ⋅ (B (Tplume,𝜆) − Loff) , (12)

where Tplume is the plume temperature, 𝜌 is the column
integrated concentration (ppm⋅m), and B(T,𝜆) is the Planck
function. One can estimate the concentration applying for
each pixel by the following equation:

𝑇 = A (𝜆) ⋅ (B (Tplume,𝜆) − Loff) ,

𝜌 =
T𝑇Σ−1X ΔL
T𝑇Σ−1X T

.

(13)
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Figure 18: Mean ground spectral emissivity retrieved through the
subimage.

Plume temperature is assumed to be homogeneous and
equal to ground level atmospheric temperature estimated
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Figure 19: Retrieved ethylene concentration (ppm⋅m) from the three estimated Loff images. (a) Selected-Band approach. (b) Clustering-Based
method. (c) Clustering-Based Selected-Band method.

to be 296.65K. One can notice than neither pixel-by-pixel
emissivity nor ground temperature is needed here to estimate
gas concentration.

The different stages described above are applied to the
estimated Loff images shown in Figure 17.

Figures 20 and 19 shows ethylene concentration retrieved
from Hyper-Cam data using the three estimated background
methods outlined above and their differences. The mean
retrieved integrated concentration is about 200 ppm by CSB
method. One can notice that ground radiance main differ-
ences are translated into retrieved concentration differences.
In particular, the upper left corner of the plume where the
background radiance was overestimated by about 10% by
SB method leads to the highest differences in concentration
(up to 200 ppm⋅m). Then, class borders used for CB method
where radiance difference was the highest with CSB method
lead to local differences of about 40 ppm⋅m. The mean
difference between CB and CSB methods is less than 10%
in concentration whereas it climbs up to 20% between SB
and CSB methods. As pixel ground level size is about 23 cm

the plume mean width size 𝑙 orthogonal to wind direction is
calculated to 4m and average mass in one-meter long slice of
the plume is calculated to be 0.986 g assuming ethylenemolar
weight wm of 28 g/mol. The flow rate 𝑑 can be estimated
to be 4.2 g/s assuming a wind speed value of 4.3m/s and
using the following equation where 𝜌 (in ppm⋅m) is the mean
integrated column concentration in an orthogonal slice of one
meter thick and 4mwidth. This results fits well with the true
value of 20 L/min which corresponds to 3.15 g/s assuming
that ethylene volume weight is 567.65200 kg/m3:

𝑑 = 𝜌 ⋅ 𝑙 ⋅ 10
3
⋅
𝑤𝑚

22.71
. (14)

5. Summary and Conclusions

Gas trace plume remote sensing above industrial scene
requires both high spectral and spatial resolution. Using
airborne FTS imaging techniques it becomes possible to
detect and quantify gas traces. However retrieval accuracy
depends on both pixel-by-pixel background under plume
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Figure 20: Comparison between retrieved concentration from the different approaches. (a) Difference between retrieved concentration from
SB background estimation and CSB background estimation. (b) Difference between retrieved concentration from CB background estimation
and CSB background estimation.

estimation and good enough spectral resolution around
target gas absorption peak. In this paper we propose a
method to estimate ground radiance pixel by pixel taking
into account scene variability spectral behavior. The CSB
method described above is a Clustering-Basedmethodwhich
aims to associate statistical spectral properties from classes
nonimpacted by the plume to classes below the target gas
plume. This method is based on SB method algorithm [18]
extended to a clustering approach. We have shown that
introducing an initial classification of the scene improves
background radiance estimation for nonhomogeneous scene
in comparisonwith classical SBmethod or simple Clustering-
Based method. Results based on simulations showmore than
10K in brightness temperature for low emissivity material
and up to 3K for high emissivity material.

The CSB method applied to airborne Hyper-Cam LW
data acquired above an ethylene release of 20 L/min shows
that the CSBmethod can reduce background radiance uncer-
tainty from 5 to 1% or from 3 to 1 K in terms of brightness
temperature uncertainty, for a high emissivity materiel such
as concrete. This improvement leads to a mean difference of
about 10%on ethylene plume retrieved concentrations in this
particular “easy” scene.

Finally we propose in this paper an end-to-end method
using a single hyperspectral image to estimate (i) ground
radiance and properties (emissivity and temperature); (ii)
atmospheric ground level temperature and water vapor
content; and (iii) trace gas plume concentration with an
encouraging accuracy. Indeed the retrieved flow rate is close
to mean flow rate during the gas release.

The method outlined above must now be tested on
industrial scenes where expected improvement should be
higher as it deals well with a very high number of materials,
with intraclass variability such as shadow and temperature
gradient and with low emissivity materials.

Symbols

Plume Detection

𝑁: Number of pixels
𝑁B: Number of spectral bands
X: Hyperspectral image matrix
[𝑁 × 𝑁B]. X could represent radiance
(L) or brightness temperature (𝑇b)

x: A pixel of X
⟨x⟩: Mean spectrum of X
ΣX: Covariance of X
T: The gaseous target spectrum
𝛼: Target fit coefficients (abundances)
d: Residual vector.

Selected-Band Approach

𝑁on: Number of plume-present pixels
𝑁off : Number of plume-absent pixels
𝑁SB: Number of selected bands
𝑁p: Number of the used principal components
𝐿on(𝜆): On-plume radiance: measured radiance

for a plume-present pixel
𝐿off (𝜆): Off-plume radiance: measured radiance

for a plume-absent pixel
𝐿bkg(𝜆): Background (plume-free) radiance for a

pixel.

Classification

𝐷max: Threshold on the size of a class
𝑁C: Number of classes without plume
𝑁CP: Number of classes containing plume.
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Respirable coal particle generated during underground mining is the main cause for gas-dust explosions and coal workers’
pneumoconiosis (CWP) which needs accurate monitoring especially on its concentration. Focusing on the coal dust pollution
in the fully mechanized working face of Huangbaici coalmine, coal particle was sampled for further industrial analysis and FT-IR
test to obtain its chemical composition and optical constant. Combined with the simulated spatial distribution of airborne dust,
the spectral transmission characteristics of coal dust within wavelengths of 2.5 to 25𝜇m under different operating conditions were
obtained. The simulation results show that the transmittance and aerosol optical depth (AOD) of coal dust are closely linked and
obviously influenced by the variation of dust generation source (intensity of dust release, position of coal cutting, and the wetting
of the coal seam) and airflow field (wind speed and direction of ventilation). Furthermore, an optical channel of 1260–1280 cm−1
(7.937–7.813 𝜇m) which is almost only sensitive to the variation of dust concentration but dull to the diameter change of coal dust
was selected to establish the correlation of dust concentration and infrared transmittance. The fitting curve was then applied to
retrieve the equivalent dust concentration based on optical information, and the comparison results demonstrate that the estimated
pollution level is consistent with field measurement data in engineering practice.

1. Introduction

With the development of coal cutting mechanisms and
ventilation technology, an increasing amount of coal is
extracted from underground mines. A significant amount
of coal dust is generated and dispersed into the mine
atmosphere during coal crushing, extracting, exploding, and
conveying in mining operations with the flow of the mine
ventilation system [1–3]. Epidemiological studies have shown
that exposure to coal dust is the main reason of coal workers’
pneumoconiosis (CWP) [4]. Meanwhile, the presence of coal
dust can be a serious explosion threat to coal mines which
can cause a gas-dust explosion or coal dust explosion under
certain conditions of temperature, oxygen concentration, and
physical and chemical properties with or without methane

[5]. The threat of coal dust is closely linked to the coal dust
concentration in the whole working face which needs to be
monitored continuously. Thousands of lives are lost because
of coal dust related accidents every year in underground
mines in China [6, 7]. Hence, it is critical to strengthen the
theoretical and experimental research on the monitoring of
dust concentration in underground coal mines to evaluate
coal dust pollution in fully mechanized working face of coal
mine.

Numerous studies have been carried out on the behavior
of dust in amine atmosphere; twomain approaches are gener-
ally adopted to investigate the dust distribution in an under-
ground coal mine, namely, field measurement and computer
numerical simulation. The method of field measurement
mainly depends on sampling and sampling analysis, which is
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widely used for dust evaluation in an underground coal mine
[8, 9]. However, the method of field measurement cannot
monitor dust particles in real time in an underground coal
mine. Meanwhile, it is difficult and costly for the field mea-
surement method to give the variation of dust distribution
under different working conditions and influencing factors.
With the development of computer technology, computer
numerical simulation in particular, the computational fluid
dynamics (CFD) method has been widely used to study the
dispersion and spatial distribution of dust particles in recent
years [10]. Extensive CFD modeling work on dust dispersion
in variousworkplaces in undergroundmines has been carried
out considering different airflows, particle sizes, dust sources,
and mechanisms of dust transport [11–13]. The numerical
simulation results agree well with the field data, which can
serve as a basis for evaluating and monitoring dust pollution
in underground coal mines.

In recent years, particulate matter (PM) pollution in
the open atmosphere has become more and more serious
[14]. A great amount of research has been carried out
to achieve accurate monitoring of PM, among which the
optical detection technology is the most effective and widely
used method [15, 16]. The attenuation and radiative transfer
properties of PM including transmittance or aerosol optical
depth can be obtained by satellite and ground-based optical
remote sensing detection technologies which can be used as
the optical signal to evaluate PM pollution [17]. The fully
mechanized working face of the coal mine is a relatively
confined cubic space that has a length that ranges from
one hundred meters to thousands of meters; the optical
sensing method can be modified and then adopted to
monitor coal dust pollution in fully mechanized working
face.

Nowadays, some portable instantaneous monitoring
equipment and methods were used to evaluate dust pollu-
tion mainly based on the absorption and scattering prop-
erties of dust particle system in underground mine [18].
These kinds of portable monitoring equipment and methods
mainly consider the dust particle system to be homogeneous
and uniform in its detection space [19, 20]; actually, the
dust concentration and diameter distribution are nonuni-
form which varies obviously especially in the whole fully
mechanized working face. Meanwhile, the monitoring of
dust particles through portable monitoring equipment is
discrete and discontinuous. It is necessary to strengthen
the study on the radiation and transfer characteristics of
dispersion coal dust to achieve the accurate and real-time
optical monitoring in the whole fully mechanized working
face.

In this study, aiming at the coal dust pollution in the
fully mechanized working face of Huangbaici coal mine
which is located in Wuda coalfield, northwest China, the
CFDmethod was adopted to simulate the spatial distribution
of coal dust under different dust sources and airflow fields.
Combined with Mie scattering and heat flux method, the
radiation properties and transmission characteristics of coal
dust in the fully mechanized working face of a coal mine
under different influence factors were obtained and analyzed.
Further spectral analysis was conducted to select the optical

channel for dust concentration evaluation and finally an eval-
uation method of dust concentration in the fully mechanized
working face of Huangbaici coal mine was presented.

2. Spatial Distribution of Coal Dust Hazard

2.1. Field Condition and Model Configuration. The Huang-
baici coal mine in our study is located in the Wuda Coal
District of Inner Mongolia Autonomous Region, northwest
China [21]. The Wuda District holds a large amount of
coal reserve which consists of coal-bearing strata of Penn-
sylvanian and Permian ages. Approximately, 80% of the
coal mined in China comes from Pennsylvanian coal seams
including Pennsylvanian Benxi Formation, the Pennsylva-
nian Taiyuan Formation, the Early Permian Shanxi Forma-
tion, and Xiashihezi Formation and the Late Permian Shang-
shihezi Formation [22, 23]. The fully mechanized working
face of Huangbaici in our study is located at the NO. 15
coal seam of Pennsylvanian Taiyuan Formation. The width
and height of the fully mechanized working face are 4 and
3m, respectively, while the length varies dynamically with
the advance of coal mining activity.The coal cutting machine
and numerous kinds of supporting equipment and cable trays
operate at the same time to ensure the safety of coal mining
activity.

Based on the field condition of the fully mechanized
working face of Huangbaici coalmine, a geometricmodel was
set up for CFD simulation. Because of the complex working
equipment in fully mechanized working face, it is impossible
to establish an exact geometric model. Thus, the geometric
model was simplified to be a cuboid calculation area of 100m
∗ 4m ∗ 3m, a coal cuttingmachine of 5m ∗ 2m ∗ 1.2m, with
the supporting equipment represented by four cylinders with
heights of 4m and diameters of 0.15m.

The air-dust coupled flow mathematical description was
established to study the dispersion and distribution of coal
dust particles in a fully mechanized working face. Three-
dimensional steady incompressible Navier-Stokes equations
were adopted to describe the airflow in a mine atmosphere.
The 𝑘-𝜀 model of Reynolds was applied to describe the tur-
bulence effect, ignoring heat transfer. Given that the airflow
model was established, a discrete phase model (DPM) was
adopted to take dust movement into account, tracking dust
movement by solving a differential equation for a discrete
second phase in Lagrangian time. The second phases are
spherical particles that are dispersed in a continuous phase.
This model considers the coupling effect between the phases
and its impact on both the discrete phase trajectories and
the continuous phase flow. Such mathematical model and
equations have been established in our previous study [24].

2.2. Simulation Performance and Result. In order to deter-
mine the simulation parameter and validate our CFD sim-
ulation results, coal dust distribution in the fully mechanized
working face of Huangbaici coal mine was measured and
obtained by field measurement method. According to the
GB5748-85 (determinationmethod of dust in the air of work-
place) jointly issued by theMinistry ofHealth andMinistry of
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Labor and Personnel of China [25], the concentration of rock
dust can be determinedwhen rock dustwas sampled based on
the weight gain of membrane and the intake air volume into
Filter Dust Analyzer as follows 𝑆 = (𝑊

2
− 𝑊
1
)/𝑄
𝑁
, where 𝑆

is the concentration of rock dust,𝑊
1
and𝑊

2
are the weight

of membrane before and after sampling, and𝑄
𝑁
is the intake

air volume into Filter Dust Analyzer. The dust concentration
distribution along the fully mechanized working face at three
heights (0.5m, 1.5m, and 2.5m) was obtained. Meanwhile,
the coal dust particle generated in coal cutting area was
sampled to obtain its diameter distribution by further analysis
in laboratory. The dust diameter distribution test was carried
out by graded sieves with different mesh. The test results
of dust diameter distribution by quality at the generation
source in fully mechanized working face are as follows: 0–
5 𝜇m (11.94%), 5–10 𝜇m (14.69%), 10–20𝜇m (24.84%), and
>20𝜇m (48.53%).

Thus, a typical simulation based on the normal condition
in underground working face was conducted whose main
parameters and boundary conditions were determined as
follows. The coal dust in the simulation was bituminous coal
particles, whose diameter distribution by quality is 0–5𝜇m
(10%), 5–10 𝜇m(15%), 10–20𝜇m(25%), 20–50𝜇m(30%), and
>50𝜇m (20%) as tested in our experiment with a flow rate
of 0.01 kg/s. The inlet boundary type was set to be a velocity
inlet with amagnitude of 2.5m/s.The direction of ventilation
is positive. The coal cutting machine is 5m away from the
intake of working face.The outlet boundary type was set to be
outflow.The DPM condition and shear condition of the walls
were set to be rebound with a recovery coefficient of 0.25 and
no slip, respectively.

By conducting theCFD simulation, the distribution of the
coal dust concentration anddiameter in the central axis (1.5m
high) along the fully mechanized working face was obtained.
Since the dust diameter distribution is an important input
in Mie scattering model, which needs integral processing for
number density function as nonuniform particles as shown
in (3) and (4), then, the Rosin-Rammler function which is
widely used in the statistics of coalmine dust particles [26, 27]
was adopted in our study. The diameter distribution of coal
dust was represented by the Rosin-Rammler function𝑊(𝐷)
[28]; 𝑅2 is the correlation coefficient of the Rosin-Rammler
function:

𝑊(𝐷) = 100 exp (−𝛽 ∗ 𝐷𝑛) , (1)

where𝑊(𝐷) is the Rosin-Rammler function representing the
cumulative distribution of the quality of coal particles greater
than a certain diameter 𝐷 and 𝛽 and 𝑛 are the coefficients
related to the diameter distribution of coal particles. The
numerical results of coal dust dispersion were shown in
Table 1.

The dust diameter distribution at every sampling point
was fitted to Rosin-Rammler function which can be further
used in Mie scattering model as handled in (6). Meanwhile,
the correlation coefficient of the fitting at every sampling
point was also given.

Then, the simulation results of dust concentration dis-
tribution were validated by our field measurement result as
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Figure 1: Validation of CFD simulation results by field measure-
ment.

described above. Adopt the dust concentration distribution at
1.5m height along the working face to analyze the difference,
as presented in Figure 1.

Figure 1 presents that both the simulation results and field
measurement results are firstly increased sharply with the
increase of distance and then drop dramatically until 25m;
eventually, the dust concentration gradually keeps stable.
This illustrates that the CFD simulation results and field
measurement results agree well to a certain extent. However,
the peak point of simulation result and field measurement
result are a bit deviating, and an obvious difference on dust
concentration can be observed when the dust concentration
keeps stable especially when the distance comes to 25m.This
is mainly due to the fact that (a) the parameters in CFD
simulation are controllable and constant, while, during field
measurement, the wind speed may vary a little considering
the working condition of fan and the dust release intensity
may change a bit with the advance of coal cutting. The
uncontrollable factor in field measurement is one of the rea-
sons for such difference. (b) The CFD method just considers
the main force between airflow and particles including drag
force, gravity, Saffman lift force, thermophoresis force, and
brown force. But the interaction of airflow and particles, the
rebound of dust particles on ground andwall, the influence of
water on dust particles sedimentation (the humidity is quite
high in underground coalmine), and the influence of dust
particles on airflow are hard to consider but important. The
combined effect of these factors results in the difference of
dust concentration when distance comes to 25m. As a whole,
the CFD simulation gives an acceptable result especially
when considering that it is hard and costly to conduct field
measurement under different working conditions (different
wind speed, dust release intensity, direction ventilation, etc.).

Apart from the calculation above, the distribution of coal
particles under different intensities of dust release (0.002,
0.005, and 0.01 kg/s), different positions of coal cutting (coal
cutting machine 5, 30, and 60m from intake), different
wettings of coal seams (original coal seam and coal seam
of water injection), different wind speeds (1, 2.5, and 4m/s),
and different directions of ventilation (positive and negative
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Table 1: Distribution of the coal particle concentration and diameter.

Distance/m Dust concentration/(kg/m3)
Diameter distribution by Rosin-Rammler

𝑊(𝐷) = 100 exp(−𝛽 ∗ 𝐷𝑛)
𝛽 𝑛 𝑅

2

4.0 8.83𝐸 − 05 0.0125 1.0103 0.9718
4.4 5.31𝐸 − 04 0.0261 0.8960 0.9733
6.2 1.04𝐸 − 03 0.0294 0.8173 0.9744
8.0 7.68𝐸 − 04 0.0101 1.0873 0.9871
10.2 5.24𝐸 − 04 0.0201 0.9932 0.9905
16.4 4.92𝐸 − 04 0.0230 0.9565 0.9876
21.8 1.35𝐸 − 04 0.0198 1.0012 0.9877
22.2 1.10𝐸 − 04 0.0156 1.1846 0.9838
27.6 1.21𝐸 − 04 0.0146 1.4109 0.9753
35.8 1.37𝐸 − 04 0.0185 1.2583 0.9764
40.6 5.96𝐸 − 05 0.0322 1.0115 0.9730
53.2 5.83𝐸 − 05 0.0217 1.1752 0.9878
62.0 1.17𝐸 − 04 0.0246 1.1307 0.9865
67.6 1.26𝐸 − 04 0.0480 0.9245 0.9490
71.6 1.03𝐸 − 04 0.0506 0.9608 0.9509
84.8 4.22𝐸 − 05 0.0434 1.0070 0.9632
88.6 7.58𝐸 − 05 0.0212 1.4730 0.9781
94.6 7.56𝐸 − 05 0.0259 1.3287 0.9794
100.0 7.95𝐸 − 05 0.0095 1.6982 0.9865

ventilation) were also simulated; the calculation results of
dust distribution were further used in the simulation of
transmission properties under different influencing factors in
Section 4.

3. Complex Refractive and Transmission
Properties of Coal Dust

3.1. Scattering and Optical Constants of Coal Dust Particles.
The dispersion and distribution of coal dust particles in the
fullymechanized working face of a coal mine can be obtained
according to the simulation of the air-dust coupled flow
mathematical model. Based on the simulation results of the
coal dust distribution, a Mie scattering model was adopted to
obtain the spectral radiation characteristics at wavelength 𝜆
of coal dust particles [29]:

𝑄
𝑒
(𝑚, 𝜒) =

𝐶
𝑒

𝐺
=
2

𝜒2

∞
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∑

𝑛=1

(2𝑛 + 1) [
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2
+
𝑏𝑛


2
] ,

(2)

where 𝑚 is the optical constant of particle 𝑚 = 𝑛 − 𝑖𝑘, 𝑛
and 𝑘 are the refractive index (single refractive index) and
absorption index, respectively, 𝜒 is the size parameter 𝜒 =
𝜋𝐷/𝜆, 𝐺 is the geometric projection area of the spherical

Table 2: Industrial and elemental analysis of coal particles.

Industrial analysis (%) Elemental analysis (%)
M A V Fc C H O N S Others
2.67 24.96 29.63 42.74 58.53 3.60 9.09 0.84 0.31 27.63

particle 𝐺 = 𝜋𝐷
2
/4 (𝜇m2), Re is the real component of

complex number, 𝑎
𝑛
and 𝑏
𝑛
are theMie scattering coefficients,

and 𝑆
0
is the prior amplitude functions.

The scattering calculation of coal dust requires both the
spatial distribution and the optical constants of coal particles.
Thus, the coal dust particles were sampled from the fully
mechanized working face of Huangbaici coal mine which
is located in Wuda coalfield, northwest China. Then, the
industrial and elemental analysis and FT-IR experiment were
conducted on the coal particles sampled in underground
coal mine to obtain the chemical composition and spectral
transmittance of coal dust, as shown in Table 2 and Figure 2.
The experimental method and equipment of the industrial
analysis and FT-IR test for rock dust have been given in our
previous study [30].

Thus, the coal dust particles in the fully mechanized
working face can be determined to be bituminous coal
particles according to the degree of coal metamorphism
based on the industrial and elemental analysis of the coal
sample.

In order to conduct FT-IR test, the sampled coal dust
particles were firstly pulverized to less than 200mesh (74 𝜇m)
and dried at 105∘C for 4 h according to the requirement of
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Figure 2: Spectral transmittance of coal dust from FT-IR test.

FT-IR test. Then, coal dust particles were suspended and
pressed in a KBr matrix with the thickness of 1mm and the
proportion of 1 : 100 under the pressure of 10 t/cm2 for 3min.
The well prepared KBr matrix was subsequently measured
on its spectral transmittance within the spectral region 400–
4000 cm−1, as shown in Figure 2. The FT-IR equipment used
in this test is Bruker Vertex 80v which is manufactured in
Germany. The main performance indexes of Bruker Vertex
80v are as follows: spectral range, 8000–350 cm−1; spectral
resolution, 0.06 cm−1; sensitivity, under the condition of full
spectrum of linear accuracy better than 0.7%, peak-peak
noise value < 8.6 × 10−6 Abs, signal-to-noise ratio better than
55000 : 1 (peak to peak); linearity, 0.07%; interferometer, high
precision dynamic calibration Mayer interferometer.

Based on the spectral transmittance of coal dust particles,
combined with the properties of KBr matrix preparation,
Kramers-Kronig (K-K) relation was adopted to retrieve
the optical constant of rock index [31, 32]. Through the
simulation, the optical constant of bituminous coal dust was
obtained as shown in Figure 3.

3.2. Transmitting Behavior of Coal Dust. The particle swarms
of coal dust in any location along the fully mechanized
working faces are composed of a series of different scale
particles. The optical radiation parameters of a nonuniform
particle swarm can be given by the following formula:

𝛽 = ∫

∞

0

𝐶
𝑒 (𝐷)𝑁 (𝐷) 𝑑𝐷 (3)

𝜎
𝑠
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∞

0

𝐶
𝑠 (𝐷)𝑁 (𝐷) 𝑑𝐷 (4)

𝜔 =
𝜎
𝑠

𝛽
, (5)

where 𝐷 is the diameter of particle, 𝜇m; 𝐶
𝑒
(𝐷) and 𝐶

𝑠
(𝐷)

are the attenuation and scattering cross section of a particle
with a diameter of 𝐷; 𝑁(𝐷) is the particle number density
distribution, in m−3 ⋅ 𝜇m−1; and 𝜔 is the scattering albedo:

𝑁(𝐷) = −
𝑑𝑊(𝐷)

𝑑𝐷
⋅

𝜌
𝑎

𝜌
𝑏 (4/3) 𝜋𝐷

3
, (6)

where 𝜌
𝑎
and 𝜌

𝑏
are the quantity concentration of the total

dust and actual density of coal, respectively. Because of
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Figure 3: The optical constant of coal particles.

the common industrial analysis of coal dust, nonuniform
particles are generally divided into several size ranges for
statistics.Then, discrete integration was employed to approx-
imate the Rosin-Rammler function in this paper, and the
middle diameters of each particle group were selected as
equivalent diameters for calculation to approximate the above
equations.

Based on the optical scattering and extinction properties
of coal dust obtained from Mie scattering calculation, aimed
at the transmission characteristics and aerosol optical depth
(AOD) of dust particles, the numerical method of radia-
tive transfer was applied [33–38]. Here, considering a gray
medium condition, the one-dimensional radiative transfer
equation (RTE) at the wavelength 𝜆 on the direction 𝜃 can
be written as follows:

cos 𝜃𝑑𝐼 (𝜏)
𝑑𝜏

= (1 − 𝜔) 𝐼𝑏 (𝜏) − 𝐼 (𝜏)

+
𝜔

2
∫

𝜋

0

𝐼 (𝜏, 𝜃
𝑖
)Φ (𝜃, 𝜃

𝑖
) sin 𝜃

𝑖
𝑑𝜃
𝑖
,

(7)

where 𝜏 is the spectral optical thickness; 𝐼 is the intensity of
the radiation, inW/(m2⋅sr); and 𝐼

𝑏
is the radiation intensity of

blackbody. Considering isotropic scattering (Φ ≡ 1), the two-
flux method was applied to calculate and analyze the spectral
radiation intensity and spectral transmission characteristics
of the dust particle system in a one-dimensional direction
[39]. Assume the radiation intensity in positive and negative
directions to be a constant value and assume it has nothing to
do with the angle. Thus,

1
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+
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) .

(8)

The corresponding boundary conditions are 𝐼+ = 0 for
𝜏 = 0 and 𝐼− = 0 for 𝜏 = 𝜏

𝐿
; 𝐼
− and 𝐼+ are the radiation

intensities in positive and negative direction, respectively, in
W/(m2⋅sr). Then, the average apparent transmittance of coal
dust at the wavelength 𝜆 can be given as

𝛾 =
2𝜋𝐼
+

𝐸
𝑏

, (9)

where 𝐸
𝑏
is the radiation of blackbody.
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Figure 4: Influence of the dust release intensity on (a) spectral transmittance and (b) dust concentration.

4. Results of Dust Optical Characteristics
under Different Operating Conditions

The distribution of coal particles in a fully mechanized
working face is mainly affected by the dust source and airflow
field. Aimed at different influencing factors of the dust source
(intensity of dust release, position of coal cutting, and the
wetting of the coal seam) and airflow field (wind speed and
direction of ventilation), combined with the optical constant
of coal dust in Figure 2, the transmission characteristics and
AOD of the coal particles were simulated and analyzed by
solving Mie scattering model and heat flux method. The
optical constant of coal dust obtained and the radiative
transfer equation solved are all at the ambient temperature
(300K) of underground coal mine.

4.1. Influence of the Intensity of Dust Release. The intensity
of coal dust release is closely linked to the cutting speed,
cutting depth, and lead angle of the coal cutting machine,
which further affects the distribution of the coal particles in
fully mechanized working face. Based on the CFD simula-
tion results of dust distribution under different dust release
intensities (0.002, 0.005, and 0.01 kg/s) in combination with
the heat flux method, the transmission characteristics of coal
particles were calculated and analyzed.

As can be seen from Figure 4(a), the transmittance of
coal dust increases sharply with the increasing wavelength,
reaching a maximum at 8 𝜇m and then decreasing rapidly,
reaching a minimum at 9.5 𝜇m. Eventually, the transmittance
rises gently and remains stable when the wavelength is 12 𝜇m.
The transmittance is obviously decreasedwith increasing dust
release intensity; the degree of decrease is relatively much
smaller for 8 𝜇m. This is because the concentration of coal
dust is greatly increased with increasing dust release inten-
sities, as seen from Figure 4(b), resulting in the weakened

transmission characteristics of coal particles in Figure 4(a).
The spectral transmittance is the strongest for 8 𝜇m, which
weakens the influence of dust concentration, thus causing
the degree of transmittance decrease that is relatively much
smaller for 8 𝜇m.

4.2. Effect of the Position of Coal Cutting. With advances in
coal mining activities in a fully mechanized working face,
a coal cutting machine would move from one side of the
coal seam to another side. Coal particles generated during
the process of coal cutting mainly disperse in the downward
airflow of the coal cutting machine; the atmosphere in the
upward airflow of the coal cuttingmachine is mainly fresh air
with few contaminants (the dust concentration was set to be
1 × 10−5 kg/m3 according to Wang and Ren [1]). Thus, three
positions of coal cutting (coal cutting machine is 5, 30, and
60m from the intake of theworking face)were adopted in this
section to simulate the transmission characteristics of the coal
particles. The transmittance of coal dust under the position
of coal cutting that is 30m from the intake is divided by that
of 5m and 60m to obtain the dimensionless ratio (𝛾

5m/𝛾30m
and 𝛾
60m/𝛾30m) for further analysis, as shown in Figure 5.

Figure 5(a) shows that the dimensionless ratio 𝛾
5m/𝛾30m

is less than 1, while the ratio 𝛾
60m/𝛾30m is greater than 1

under the waveband of 2.5 to 25 𝜇m, which indicates that the
transmittance characteristics are increased with the advance
of coal mining activity. This is because, with the advance
of coal mining activity, the coal cutting machine gradually
moves from the intake to the outtake of the working face;
the downwind region is heavily polluted by coal dust and
is gradually diminished but the upwind region, which is
relatively fresher, is enlarged, causing the decrease of coal dust
pollution as a whole in a fully mechanized working face.

An obvious trend that approximates a constant value of
1 is observed at the waveband from 7 to 9 𝜇m for 𝛾

5m/𝛾30m
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Figure 5: Effect of the position of coal cutting on (a) spectral transmittance and (b) dust concentration.

and from 6 to 8𝜇m for 𝛾
60m/𝛾30m, indicating that variations

of transmittance with different coal cutting positions are
weakened. This is because the spectral transmittance of coal
dust is the strongest at the wavelength of approximately
8 𝜇m; the influence of dust distribution on transmission
characteristics is obviously reduced at 8 𝜇m compared to
other wavebands.

4.3. Impact of Wind Speed and the Wetting of the Coal Seam
on AOD. The ventilation system of a coal mine mainly aims
to provide fresh air for the underground workers by carrying
contaminants (e.g., methane, carbon monoxide, and dust)
away from the coal mine. Coal particles spread outwards
in a fully mechanized working face, mainly relying on the
effect of airflow. Meanwhile, wetting technology has been
widely used in most coal mines by water injection before the
extraction of the coal seam. Relevant studies have shown that
the distributions of coal particles’ concentration and diameter
are directly affected by wind speed and the use of water
injection technologies, further affecting the transmission
characteristics of coal particles.The speed of airflow in a fully
mechanized working face is confined within 0.25 to 4m/s
according to the safety regulations in coal mines in China.
Thus, with the original coal seam under different wind speeds
(1, 2.5, and 4m/s) and the wetting coal seam under wind
speed of 2.5m/s, the AOD of coal particles was simulated and
analyzed, as shown in Figure 6.

Figure 6 indicates that the AOD of coal dust is obvi-
ously decreased with the increasing wind speed in a fully
mechanized working face. This is because airflow is the main
cause for the outward spread of coal particles; the settlement
of coal particles under different wind speeds varies greatly
when there is an optimal speed for dust settlement. Before
the optimal speed, coal particles are more prone to settle
with increasing wind speed. All of the wind speeds (1, 2.5,
and 4m/s) that were set up in our study are under the
optimal speed presented in Figure 7(a), causing a decreased
distribution of coal dust as well as a decreased AOD of coal
particles.
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Figure 6: Spectral AOD of coal dust under different wind speeds
and wettings of the coal seam.

The AOD of coal particles is obviously decreased by
adopting the water injection technology of the coal seam.
The moisture of the coal seam can be increased with the
use of water injection technology, which is against the
generation of coal particles during the process of coal cutting.
Small particles can form larger particles under the effect of
increasedmoisture causingmuch easier settlement.Thus, the
concentration of coal particles in Figure 7(b) is decreased
with the use of water injection technology, resulting in the
decreased AOD of coal particles in the fully mechanized
working face.

4.4. Effect of the Direction of Ventilation on AOD. The ven-
tilation in the fully mechanized working face can be divided
into positive ventilation and negative ventilation considering
the direction of coal cutting and airflow. The coal cutting
and airflow have the same direction for positive ventilation
and the opposite direction for negative ventilation. Based
on the CFD simulation results under positive and negative
ventilation, the AOD of coal particles in the fully mechanized
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Table 3: Spectral AOD versus direction of ventilation.

𝜆/𝜇m AOD AOD
𝜆/𝜇m AOD AOD

𝜆/𝜇m AOD AOD
Positive direction Negative direction Positive direction Negative direction Positive direction Negative direction

3 0.52062 0.60375 11 0.28086 0.31968 19 0.20359 0.23151
4 0.43089 0.49614 12 0.23811 0.27075 20 0.21137 0.2406
5 0.33751 0.38509 13 0.24519 0.2788 21 0.23871 0.27215
6 0.27493 0.31253 14 0.21768 0.2472 22 0.27067 0.30879
7 0.21937 0.24891 15 0.2002 0.22729 23 0.26736 0.30463
8 0.09544 0.10727 16 0.20257 0.23017 24 0.25376 0.28889
9 0.40835 0.47070 17 0.21023 0.23911 25 0.23153 0.26354
10 0.37973 0.43616 18 0.20673 0.23511
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Figure 7: Dust concentration under different (a) wind speeds and (b) wettings of the coal seam.

working face was simulated and analyzed, as presented in
Table 3.

Table 3 shows that the AOD of coal particles under posi-
tive and negative directions has a similar variation law versus
wavelength. However, the AOD under positive ventilation
is slightly weaker than that under negative ventilation. This
is because the turbulence effect of airflow would be slightly
enhanced under negative ventilation as a whole, which is
against the settlement of coal dust; the average concentration
of coal dust is 1.90𝐸 − 4 kg/m3 for negative ventilation and
is 1.307𝐸 − 4 kg/m3 for positive ventilation, as seen from
Figure 8.

5. Waveband Selection and Field Application

As can be concluded from the simulation and analysis above,
the transmission properties of coal dust in fully mechanized
working face vary obviously under different working con-
ditions and influencing factors which reflect the variation
of the dust concentration and dust diameter distribution in
essence. An anomalous point of transmittance around 8 𝜇m
was observed in Section 4 which varies minimally under
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Figure 8: Dust concentrations under different directions of ventila-
tion.

different influencing factors. Aiming at the evaluation of dust
concentration level in thewhole working face, the influencing
effect of dust diameter on the transmittance signal should be
determined first.

5.1. Influence of Dust Diameter on Transmittance. To study
the influence of diameter, a formula, 𝛾ratio⋅𝑠 = (𝛾𝑚 − 𝛾𝑠)/𝛾𝑚,
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Figure 9: Influence of diameter on transmittance under different
cases (uniform dust diameter, dust release intensity, position of
coal cutting, wind speed, whether there is wetting of coal seam
or not, and direction of ventilation): (1) 5𝜇m, 0.005 kg/s, 5m,
2.5m/s, no, positive; (2) 5 𝜇m, 0.005 kg/s, 5m, 4m/s, no, positive;
(3) 5 𝜇m, 0.01 kg/s, 5m, 2.5m/s, no, positive; (4) 5 𝜇m, 0.005 kg/s,
5m, 2.5m/s, yes, positive; (5) 5 𝜇m, 0.005 kg/s, 30m, 2.5m/s, no,
positive; (6) 5𝜇m, 0.005 kg/s, 5m, 2.5m/s, no, negative; (7) 50 𝜇m,
0.005 kg/s, 5m, 2.5m/s, no, positive; (8) 50 𝜇m, 0.005 kg/s, 5m,
4m/s, no, positive; (9) 50𝜇m, 0.01 kg/s, 5m, 2.5m/s, no, positive;
(10) 50 𝜇m, 0.005 kg/s, 5m, 2.5m/s, yes, positive; (11) 50 𝜇m,
0.005 kg/s, 30m, 2.5m/s, no, positive; (12) 50 𝜇m, 0.005 kg/s, 5m,
2.5m/s, no, negative.

was put forward, where 𝛾ratio⋅𝑠 represents the influence of
the transmittance of coal dust with uniform diameter (𝛾

𝑠
)

on that of a mixture of dust (𝛾
𝑚
), 𝛾
𝑚
is the transmittance

of mixture dust, and 𝛾
𝑠
is the transmittance of coal dust

with uniform diameter (5𝜇m (representing small particle)
and 50 𝜇m (representing large particle)) based on the same
concentration of the CFD simulation. The influence of dust
diameter on transmittance under different working condi-
tions and influencing factors was calculated and summarized,
as shown in Figure 9.

Figure 9 indicates that the spectral variations of 𝛾ratio⋅𝑠
under different intensities of dust release and wind speed
are similar, except for the difference in concrete magnitude.
𝛾ratio⋅5 𝜇m under different intensities of dust release and wind
speed are all positive, while 𝛾ratio⋅50 𝜇m are all negative, which
indicates that the transmittance of coal dust is obviously
enhanced with increasing diameter under the same distri-
bution of dust concentration. With the decrease of the dust
release intensity and the increase of wind speed, the spectral
variations of 𝛾ratio⋅𝑠 gradually become relatively stable.

The spectral variations of 𝛾ratio⋅𝑠 fluctuate greatly under
wavebands of 400–4000 cm−1 (25–2.5 𝜇m) among which an
anomalouswaveband around 1270 cm−1whose absolute value
reaches the minimum point of zero (all within 0.05) can
be obviously observed. Such waveband indicates that the

transmittance of coal dust is almost not sensitive to the varia-
tion of dust diameter under around 1270 cm−1; considering
the variation of transmittance under different influencing
factors listed in Section 4 under around 1270 cm−1, it can be
deduced that the transmittance is the only function of dust
concentration under the permissible error for engineering
application.

5.2. Correlation of Dust Concentration and Infrared Trans-
mittance. According to the above discussions, the optical
channel of 1260–1280 cm−1 (7.937–7.813𝜇m) is selected in this
case study to evaluate the dust concentration level in fully
mechanized working face; for that, the transmission signal is
almost only sensitive to the variation of dust concentration.
By adopting the equivalent transmittance within the optical
channel of 1260–1280 cm−1 (7.937–7.813𝜇m) and equivalent
dust concentration of the whole working face, the variation
law of dust concentration and the optical transmittance in
whole working face was further calculated and analyzed.
Here, considering the irrelevance between the transmittance
within 1260–1280 cm−1 and particle size as demonstrated in
Figure 9, a mean diameter 20𝜇m representing the nonuni-
form particles was adopted in the Mie calculations according
to the analysis in Section 2.2. The equivalent transmittance
within 1260–1280 cm−1 (7.937–7.813𝜇m) can be calculated by

𝛾 =

∫
𝜆2

𝜆1

𝛾𝐸
𝑏
𝑑𝜆

∫
𝜆2

𝜆1

𝐸
𝑏
𝑑𝜆

. (10)

Thedust concentration can be obtained by the one-to-one
relationship between dust concentration and optical trans-
mittance presented in Figure 10(a) if the optical transmittance
was determined. Meanwhile, considering dust suppression
method and equipment, there is a maximum limit of dust
concentration in the working face. Thus, only some points
marked in Figure 10(a) are valid which can be used for the
evaluation of dust concentration in underground working
face.The invalid points exceed the dust concentration level in
working face which is useless and meaningless in this study.
Further analysis on the valid data was conducted by fitting
the curve to obtain the corresponding function, as shown in
Figure 10(b).

For the engineering application, the function and control
variables should not be too complex;meanwhile, the function
must agree well with the curve and points.Thus, a polynomial
with two polynomial orders was used to fit the curve and
points in Figure 10(b). The fitting results agree well with the
original points whose correlation coefficient reaches 0.99995
and the residual sum of squares is 1.04373𝐸 − 4. Thus, an
effective fitting functionwas put forward and given as follows:

𝐶 = 2.06214 ∗ 𝛾
2
− 6.44759 ∗ 𝛾 + 4.39114. (11)

5.3. Field Application in Huangbaici Coal Mine. Simulation
study gives the function of dust concentration and optical
transmittance under the optical channel of 1260–1280 cm−1
(7.937–7.813𝜇m) for its dullness of dust diameter variation.
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Weight No weighting
Residual sum of 
squares

0.99995
Value Standard error

Dust concentration Intercept 4.39114 0.03163
Dust concentration B1 −6.44759 0.08127
Dust concentration B2 2.06214 0.05125

1.04373E − 4

Adj. R2

y = Intercept + B1 ∗ x1 + B2 ∗ x2

(b)

Figure 10: The correlation between dust concentration and transmittance.

Table 4: Dust concentration distribution along the working face.

Distance/m Dust concentration/(g/m3)
0.5m 1.5m 2.5m

1 0.24021 0.16605 0.06150
5 0.74450 0.72991 0.12454
10 0.93809 0.88750 0.19890
15 0.51265 0.61281 0.24133
20 0.41177 0.48878 0.29447
25 0.32211 0.35261 0.32579
30 0.33073 0.39576 0.33696
35 0.33935 0.43890 0.34812
40 0.32293 0.34323 0.28529
45 0.31482 0.33517 0.28121
50 0.30671 0.32711 0.27713
60 0.29748 0.31686 0.27264
70 0.28825 0.30661 0.26816
80 0.30564 0.32971 0.26749
90 0.32303 0.35282 0.26683
100 0.34042 0.37592 0.26617

Then, the fitting function obtained was used in field under-
ground working face of Huangbaici coal mine to evaluate the
dust concentration level.

Thefieldmeasurement experiments on coal dust distribu-
tion have been carried out and described in Section 2.2.Then,
the coal dust distribution measured samples at three heights
above the ground (0.5m, 1.5m, and 2.5m) were shown in
Table 4.

Based on the field data of dust distribution in three
sampling lines (0.5m, 1.5m, and 2.5mhigh along theworking
face), the optical transmittance of the three lines was calcu-
lated. The transmittance within the optical channel of 1260–
1280 cm−1 (7.937–7.813𝜇m) was listed in Table 5.

Then, the equivalent transmittance of three lines was
loaded into (11) to retrieve the equivalent dust concentra-
tion in the fully mechanized working face. Meanwhile, the

equivalent dust concentration was also directly calculated
from the field data.The directly calculated dust concentration
and retrieved dust concentration were compared to get the
relative error, as listed in Table 6.

The retrieved data is a little greater than field data but
all within the relative error of 0.1. The error is mainly due
to the fact that the transmittance within optical channel of
1260–1280 cm−1 (7.937–7.813𝜇m) is still slightly influenced by
the diameter distribution which cannot be totally removed.
Meanwhile, small error still exists in the fitting function
which is hard to eliminate especially for engineering applica-
tion. However, such results with all the relative errors within
0.1 can also be accepted for engineering application which
can be used for dust concentration evaluation in the fully
mechanized working face of Huangbaici coal mine.

5.4. Limitation of theMethodology for RetrievingDust Concen-
tration. The coal dust concentration in underground work-
ing face can be retrieved by themethodology presented in this
paper. Meanwhile, obvious shortcomings and limitations still
exist concerning this methodmainly including the following:
(a) the optical channel of 1260–1280 cm−1 (7.937–7.813𝜇m)
was adopted in this study to correlate dust concentration and
transmittance, when dust concentration is high to a certain
extent which may cause the optical signal to be invalid.
Such occasion does not exist because there is a maximum
limit of dust concentration under normal mining conditions
that cannot lead the optical signal to be invalid which have
been discussed in Section 5.2. Meanwhile, when the dust
concentration is low to a certain extent which leads to quite
high transmittance, in this occasion, the transmittance is
not sensitive to the variation of dust concentration. Take
transmittance 0.995 as an example; according to our cor-
relation, the equivalent dust concentration was obtained as
low as 0.01735 g/m3 (17.35mg/m3). When dust concentration
is lower than 0.01735 g/m3 which may be caused by lower
dust release intensity, larger wind speed, or farther distance
of coal cutting from the intake, it is hard to detect the
variation of dust concentration from transmittance. (b) The
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Table 5: The transmittance of coal dust under the optical channel of 1260–1280 cm−1.

Height/m Transmittance
1260 cm−1 1270 cm−1 1280 cm−1 Equivalent

0.5 0.79357634 0.78322529 0.76093461 0.779245413
1.5 0.77153042 0.76953047 0.74345684 0.761505907
2.5 0.83354416 0.84187375 0.83086851 0.835428809

Table 6: The comparison of field data and retrieved data.

Height/m Equivalent dust concentration/(g/m3)
Field data Retrieved data Relative error

0.5 0.583638 0.619065 0.060700756
1.5 0.626850 0.677079 0.080129348
2.5 0.410757 0.443890 0.080663723

transmittance under 1260–1280 cm−1 (7.937–7.813𝜇m) was
considered as the only function of dust concentration and
almost not influenced by dust diameter distribution. Actually,
small impact of dust diameter variation on transmittance still
exists which is one of the main reasons for the relative error
in Table 6. Thus, if there exists any, more appropriate optical
detection channel should be searched in other bands, like
terahertzwave andmillimeterwave. (c)Themeandiameter of
nonuniform particles was set to be 20𝜇m for the correlation
of dust concentration and transmittance.When the diameters
of all the particles are greater than the mean diameter
(20𝜇m) by an order of magnitude or more, the transmittance
under 1260–1280 cm−1 (7.937–7.813𝜇m) may be changed to
be sensitive to the variation of dust diameter which may
result in the failure of (11). Such occasion does not exist in
underground coal mine for there is a limited range of dust
diameter. Special attention should be paid in extreme cases.

6. Conclusions

Aiming at the respirable coal dust pollution in the fully
mechanized working face of Huangbaici coal mine, the coal
particles were sampled to conduct the industrial analysis and
FT-IR test in order to obtain the chemical composition and
optical constants of coal particles. The spatial distribution of
coal dust in working face was also measured by field mea-
surement method. The variation of dust spatial distribution
under different influencing factors of dust sources (intensity
of dust release, position of coal cutting, and the wetting of
the coal seam) and airflow fields (wind speed and direction
of ventilation) was simulated. Based on the optical constants
of coal dust obtained from FT-IR experiment, combined with
the Mie scattering and heat flux method, the transmission
characteristics and AOD of coal dust were analyzed and
summarized. Simulation results show that (a) the transmis-
sion characteristics of coal dust are greatly decreased with
the increasing dust release intensity but are slightly enhanced
with the advance of the coal mining activity. The AOD of
coal dust is obviously decreased with the wetting of the

coal seam. (b) The spectral AODs of coal dust are obviously
decreased with increasing wind speeds under the threshold
of the optimal wind speed. The AOD of coal dust under
negative ventilation is slightly greater than that under positive
ventilation.

Furthermore, an optical channel of 1260–1280 cm−1
(7.937–7.813𝜇m) was observed in the transmittance under
different influencing factors and further analyzed on its
sensitivity of dust diameter variation.The analysis proved that
the transmittance of coal dust under the optical channel of
1260–1280 cm−1 (7.937–7.813𝜇m) is almost not influenced by
the variation of dust diameter and can be considered as the
only function of dust concentration. Then, a fitting function
was given based on the correlation of dust concentration and
optical transmittance considering the dust pollution level in
underground working face. Based on the field measurement
data on the dust pollution in this working face, the optical
transmittance was calculated and then loaded into the cor-
responding fitting function in our study to get the retrieved
equivalent dust concentration. The field dust concentration
and retrieved dust concentration agree well considering the
engineering application and all the relative errors are within
0.1. Such method including the optical channel and fitting
function can be used for the monitoring of the equivalent
dust concentration in the fully mechanized working face of
Huangbaici coal mine.
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A dual field of view lidar system with two independent receivers is described to realize the detection of atmospheric aerosols. A
CCD camera is attached to a backscatter lidar as a receiver to complement the data in the near-field range affected by the incomplete
overlap between the laser beam and the receiver field of view. The signal detected by the CCD camera is corrected and finally
glued with the signal of the backscatter lidar to retrieve the aerosol extinction coefficient with Fernald algorithm. The aerosol
extinction profile and visibilities measured by the dual field of lidar had been compared with the results measured by another
general backscatter lidar and a surface aerosol instrument, respectively. The results suggested that the dual field of view lidar based
on a CCD camera is feasible and reliable. It could obtain the data both in the near and in the far range simultaneously, improving
the detection accuracy of the lidar system effectively.

1. Introduction

The atmospheric aerosols, especially the aerosols near-
ground, have a large impact on the local and regional air
quality and visibility, as well as the human health and public
transport safety directly and indirectly.Therefore, it is of vital
importance to detect the vertical distribution of atmospheric
aerosols near the ground. As a powerful tool to detect the
spatial distribution of atmospheric aerosols, lidar has been
widely used in the field of atmospheric and environmental
monitoring [1]. However, the incomplete overlap between the
laser beam and the receiver field of view of the backscatter
lidar significantly affects the observation of aerosol optical
properties in the near-field range. So the backscatter lidar has
a shortcoming in the lower hundreds of meters because of
the geometric overlap factor [2]. In this paper, the problem is
overcomeby a dual field of view lidar based on aCCDcamera.

Welsh andGardner had verified the feasibility of a bistatic
lidar that uses a CCD camera as the receiver in 1989 [3].Then,
the lidar based on a CCD camera is gradually used in the
near-ground atmospheric aerosols detection [4–6]. However,

the application of the standard charge-coupled device camera
lidar is limited in the near range. In this paper, a CCD cam-
era is attached to a backscatter lidar to expand the detection
range of the atmospheric aerosols in the near range.TheCCD
camera with large FOV is mainly used to detect the atmo-
sphere in the near range and the receiver of the backscatter
lidar is mainly used to detect the atmosphere in the far range.
At last, the signals of the two receivers are glued and used to
retrieve the whole range aerosol extinction properties.

2. System Structure

The configuration of the dual field of view lidar is shown
in Figure 1 and the key specifications are given in Table 1.
As illustrated in Figure 1, the CCD camera and telescope are
separated by a distance 𝐷 and the CCD camera is parallel
to the axis of the telescope. The laser source was a pulsed
Nd:YAG laser operating at a wavelength of 532 nm with
a pulse repetition rate of 20Hz. The CCD camera with
3358 × 2536 active pixels was cooled to −10∘C to improve
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Table 1: Key specifications of the dual field of view lidar.

Feature Specification

Transmitter

Laser: Nd:YAG
Wavelength 532 nm
Pulse energy 200mJ
Repetition frequency 20Hz
Divergence 0.5mrad

Receiver

CCD camera
CCD:QHY9

Pixels 3358 × 2536
(860million)

Pixel size 5.4 𝜇m × 5.4 𝜇m
Active area 19.7 ∗ 15.04mm
Peak Quantum Efficiency 56%

Wide-angle lens
Angular field 114∘

Focal length 14mm
Max aperture F2.8

Telescope: Cassegrain
Diameter 230mm
Detector PMT
Data acquisition Photo counter
Range resolution 7.5m

PMTComputer

CCD

Laser

d𝜃

dz
𝜃

R

D

z

Figure 1: Configuration of the dual field of view lidar.

the resolution and reduce the noise. The FOV of the receiver
which consists of a CCD and a wide-angle lens is about 75.4∘.

In the dual field of view lidar system, the laser beam is
emitted into the atmosphere vertically and then the scattered
signal is detected by two receivers. The CCD camera records

Original
images

Flat field correction

Subtract background

Retrieve signal

Data smoothing

Reference
altitude

Initial extinction
coefficient

Improved Fernald
algorithm

Aerosol extinction
coefficient profile

Visibility
Signal correction

CCD camera Backscatter lidar

Original
signal

Dead-time correction

Noise elimination
through averaging

Subtract background

Range correction

Signal splicing

Figure 2: The flow chart of the data processing.

the signal in the formof image. Fromgeometry, the resolution
of the signal detected by the CCD camera is given simply by

𝑧 = −
𝐷

tan 𝜃
,

𝑑𝑧 =
𝑅
2
𝑑𝜃

𝐷
,

(1)

where 𝑑𝜃 is the FOV of each pixel. The CCD camera with
large FOV ismainly used to detect the signal in the near range
while the backscatter lidar with small FOV is mainly used to
detect the signal in the far range. Finally, the signals are glued
to retrieve the aerosol profiles.

3. Method

In the dual field of view lidar technique, some important
parameters should be assumed in the CCD camera data
retrieval and the most significant one is the exposure time,
which has an important influence on the signal-to-noise ratio
(SNR). Wang et al. [7] have pointed out the relationship
between the signal-to-noise ratio (SNR) and exposure time of
an astronomical CCD camera. It revealed that the SNR of the
astronomical cooled CCD was proportional to the exposure
time 𝑡 when the exposure time 𝑡 < 𝑡

𝑐
(𝑡
𝑐
is approximately 3 s)

while proportional to the square root of the exposure time
𝑡 when the exposure time 𝑡 > 𝑡

𝑐
. Besides, according to the

signal theory, the SNR is proportional to the square root of
the number of repetitions. All the analyses show that signal
exposure mode with longer exposure time is more suitable
when the total exposure time is ascertained. However, the
signal will be saturated if the exposure time is too long. The
exposure time in our experiment is set as 50 s.

The flow chart of the data processing is shown in Figure 2.
First, a flat field calibration is applied to the images recorded
by the CCD camera.Then the background is subtracted from
the image with scattered signal to remove the influence of
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Figure 3:The curve of continental aerosol scattering phase function.

the background. The gray scale at each pixel is summed in
the direction perpendicular to the telescope axis within a
certain range to provide information of the atmospheric scat-
tering.The altitude of the scattered signal is derived from the
geometry of the laser and CCD camera locations.The signals
detected by the CCD camera, unlike ones from the backscat-
ter lidar, vary dramatically with the scattering angle 𝜃 (it is
always 180∘ for a backscatter lidar, whereas in the CCD tech-
nique, it varies with altitude), so the signals should be cor-
rected based on the aerosol scattering phase function. Here
we use the aerosol scattering phase function [8] (calculated
from the second simulation of the satellite signal in the solar
spectrum) which is shown in Figure 3. In the dual field of
view lidar system, the CCD camera receives the scattering
signal in the range 143∘∼180∘.The signal detected by the CCD
camera is converted to the 180∘ with the aerosol scattering
phase function and then glued with the signal acquired by
the backscatter lidar.

The signal gluing theory is an ideal method to solve the
problems of signal saturation in the near range and low SNR
in the far range [9] in the backscatter lidar. Here the signal
detected by the CCD camera and the photo counting signal
detected by the backscatter lidar are glued. The main steps of
the signal splicing procedure can be summarized as follows
[10]: first, the fitting area where both the signals have higher
SNR and better linearity should be selected; then the best
gluing area is chosen with standards of justification to fit the
two groups of signals and finally the signals are spliced with
the parameters obtained from the linear fitting curve.

In order to guarantee the SNR of the signal in fitting area,
the range of signals depends on the effective detection range
of the CCD camera and the backscatter lidar. Some research
has suggested that the distribution function of the laser beam
images recorded by the CCD is characteristic of Gaussian
curve, so the SNR at each altitude can be calculated with
the Gaussian distribution formula [11]. The two-dimensional
image of the laser beam is shown in Figure 4(a), in which the
beam direction is parallel to the 𝑦 axis and the color level
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Figure 4: (a) Two-dimensional image of the laser beam. (b) The
scatter diagram of the pixels and its corresponding gray scales
perpendicular to the direction of the laser beam.

represents the intensity of the received signal. Figure 4(b)
shows the scatter diagram of the pixels and its corresponding
gray scales at some attitude. We can obtain the SNR of the
signal received by the CCD camera by fitting the scatter plot
with Gaussian formula. The SNR can be calculated as

SNR =
𝑁
𝑠

𝑁
𝑛

=
√2𝜋𝐴𝑤

√2𝜋𝑤𝑦
0

=
𝐴

𝑦
0

. (2)

In the fitting area, the correlation coefficient is calculated
with a sliding window to select the best splicing area where
the correlation is the highest. We should point out that
the backscatter lidar has constant resolution of 7.5m, whereas
the resolution of the CCD imaging lidar varies with altitudes.
So we need to compare the resolution of the two groups
of signals and interpolate the lower one to another before
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Figure 5: (a) The original signals received by the two receivers of the dual field of view lidar. (b) The correlation analysis in the range of
220–300m. (c) Comparison of the gluing signal and original backscatter lidar signal received by the telescope. (d) Comparison of extinction
coefficient profiles.

calculating the correlation coefficient of eachwindow. Finally,
the two groups of signals are fitted in the best splicing area
and the fitting parameters are applied to the whole signal of
the CCD camera to splice it with the photo counting signal
received by the backscatter lidar. The spliced signal not only
includes the near-ground data, but also takes the detection
range into account, so the method can detect the distribution
of atmospheric aerosols effectively.

TheFernald algorithm is usually used to invert the aerosol
profiles [12]. The key point of the algorithm is to determine
the reference point and its initial value. The conventional
Fernald algorithm often selects the clear aerosol-free alti-
tude of the atmosphere as the reference point and calcu-
lates its initial value with the standard atmospheric model.

But sometimes the clear altitude does not exist in the detec-
tion path, so here an improved Fernald algorithm is utilized
to invert the aerosol extinction coefficient. Specifically the
subslope method is used to determine the reference point
and its initial value, and then the result is substituted into the
Fernald formula to solve the aerosol profile [13].

4. Experimental Results

The observation experiment was carried out at night to avoid
the impact of background. Figure 5(a) shows the original
signals received by the two receivers of the dual field of
view lidar. As shown in Figure 5(a), the signals of the two
receivers have a good agreement in the range of 220–300m.
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The correlation analysis result shown in Figure 5(b) suggests
that this area can be selected as the fitting area. Figure 5(c)
shows the comparison of the gluing signal and the original
backscatter lidar signal received by the telescope. Figure 5(d)
shows the profiles of aerosol extinction coefficient retrieved
by the dual field of view lidar system and another backscatter
lidar which was placed near the dual field of view lidar. The
final result shows that the splicing signal can inverse the
aerosol distribution effectively in the near range.

Figure 6 presented the distribution of aerosol extinction
coefficient from 19:30 to 22:00 on March 22. During the
experiment the extinction coefficient decreased gradually
in the period from 19:30 to 20:30 and increased but then
decreased gradually in the range of 0.3–1.2 km later. In addi-
tion, the figure shows that the result inverted from the splic-
ing signal presents a better distribution of aerosols in
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Figure 8: (a) The correlation analysis of the visibility measured by
the dual field of view lidar and a forward scatter visibility meter
located at Gangji station. (b)The correlation analysis of the visibility
measured by the dual field of view lidar and a forward scatter
visibility meter located at Shushan station.

the lower hundreds of meters, indicating the advantages of
the dual field of view lidar system.

Furthermore the visibility measured by the dual field
of view lidar was compared with the ones from a forward
scatter visibility meter. In Figure 7, the square data represents
the visibility [14] measured by the dual field of view lidar,
and the circular and triangular data represent the visibility
of Gangji and Shushan stations. The stations are all located
within a radius of 6 kilometers from the site of the lidar. From
the figure, we can see that the three curves are all tending to
decline and the results have little difference during the exper-
imental period. Figures 8(a) and 8(b) further, respectively,
show that the correlativity of the visibility measured by the
dual field of view lidar system and forward scatter visibility
meter is above 90%, so the dual field of view lidar canmeasure
the visibility accurately and effectively.
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5. Conclusion

In conclusion, we introduce a new method for the aerosol
detection with a dual field of view lidar system. A CCD
camera is used to detect the lower atmosphere and a backscat-
ter lidar is used to detect the higher atmosphere; finally the
signals are spliced to invert the extinction coefficient profiles.
CCD camera has the characteristics of high dynamic and
high resolution near-ground, compensating the data of the
blind and transition zone of the backscatter lidar. The signal
spliced not only includes the near-ground data, but also
takes the detection range into account, so the method can
detect the distribution of atmospheric aerosols effectively. In
addition, the improved Fernald algorithm is used to inverse
the extinction coefficient profiles and the result is compared
with the previous algorithm. The final result suggests that
the improved algorithm is reasonable and effective. We have
basically realized the no-blind aerosol detectionwith the dual
field of view lidar system. Currently the dual field of view
lidar technique is limited to use in night, so a further solution
should be discussed to solve the background during the day.
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Acoustic microresonators were added to the recently developed multi-QTF based QEPAS spectrophone to enhance the signal
amplitude. Two kinds of “on-beam” configurations were experimentally investigated in detail. The developed multi-QTF
based “on-beam” spectrophone had a signal enhancement of 1.6 times compared with the traditional single QTF based “on-
beam” spectrophone, with the approximate noise level. A normalized noise equivalent absorption coefficient (1𝜎) of 1.24 ×
10−9W⋅cm−1⋅Hz−1/2 was obtained for water vapor detection at atmospheric pressure.

1. Introduction

Laser absorption spectroscopy for trace gas detection has
gained considerable interest over the past decades. Among
optical spectroscopic techniques, photoacoustic spectro-
scopy (PAS) is a well-established sensitive approach, with
the advantages of zero-background nature, excitation-wave-
length independence, and linear dependence of signal ampli-
tudes on excitation powers [1–4]. As a variation of PAS, quartz
enhanced photoacoustic spectroscopy (QEPAS), by use of a
quartz tuning fork (QTF) instead of a traditionalmicrophone,
is a booming technique for trace gas detection that has
been widely used for environmental monitoring, industrial
process control analysis, combustion processes, and detection
of toxic and flammable gases, as well as explosives [5].
The sharply high 𝑄 value of the quartz tuning fork (QTF)
not only facilitates the accumulation of the acoustic energy
generated from the relaxation transition of gas molecules,
but also makes the QEPAS based spectrophone immune to
environmental noise.

Acoustic microresonators (AmRs) were usually used in
QEPAS spectrophone to enhance the acoustic wave oscilla-
tion, induced by themodulated beam in the absorbing gas, by

virtue of the coupling effects between the QTF and the AmRs
[6–8]. Two sophisticated QEPAS spectrophones with AmRs
assembled in “on-beam” and “off-beam” configurations have
been developed to improve the performance of bare-QTF
based QEPAS sensors [9, 10].The spectrophone assembled in
the “on-beam” configuration [9], with two AmRs positioned
closely on each side of the QTF, offers a signal-to-noise
ratio (SNR) enhancement factor of ∼30. The spectrophone
assembled in the “off-beam” configuration [10], having a
single AmRwith a small slitmade in themiddle placed along-
side the QTF, can simplify optical alignment and be applied
to excitation sources with a low spatial radiation qual-
ity. Recently, some novel QEPAS spectrophones were also
reported. Double acoustic microresonator quartz-enhanced
photoacoustic spectroscopy which employed the spectro-
phone that consisted of a QTF and two sets of the “on-
beam” AmRs was developed for optical signal addition and
multigas rapid spectral measurement with a response time of
5ms [1]. Multi-quartz enhanced photoacoustic spectroscopy
(M-QEPAS) uses a pair of QTFs with similar resonance fre-
quencies connected in parallel, instead of a single QTF in
the traditional QEPAS spectrophone, to enhance the signal
amplitude through coupling effect between the twoQTFs [11].
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Figure 1: Schematic of the experimental setup.

M-QEPAS realized a 1.7 times signal enhancement for the
water vapor detection in the air, compared to the QEPAS
sensor with a single bare QTF. But there were no AmRs
configured in the M-QEPAS spectrophone.

In this paper, AmRswere added to theM-QEPAS spectro-
phone to further enhance the signal amplitude of the sensor.
Two kinds of multi-QTF based “on-beam” QEPAS spectro-
phone were proposed. The resonance curves of the proposed
QEPAS spectrophones were measured to determine their
resonance frequencies and 𝑄 values. For its practical imple-
mentation, water vapor in the laboratory air was selected as
the target analyte to evaluate the sensor performance in detail.
The distance between the AmR and the QTF in the multi-
QTF based “on-beam” QEPAS spectrophone was optimized
to obtain the maximum signal amplitude.

2. Experimental Setup

The schematic diagram of the experimental setup was
depicted in Figure 1. A near-infrared fiber-coupled distrib-
uted-feedback (DFB) diode laser was employed as excitation
source to generate photoacoustic signals. The output wave-
length of the DFB laser was 1368.69 nm, with the temperature
and the current of the DFB laser set to 27∘C and 80mA.
The laser wavelength can be coarsely and finely tuned by
scanning the temperature and the current, respectively. A
commercial∼32 kHz quartz tuning forkwas used as an acous-
tic transducer. The laser current was modulated at ∼16 kHz,
corresponding to a half of the QTF resonance frequency.The
output beam from the DFB laser was focused to pass through
the gap between the QTF prongs by means of a fiber coupled
focuser. The acoustic wave induced by the modulated laser
beam effectively pushed the prongs of the QTF to vibrate.The
electrical signals generated by piezoelectric effect of the QTF
were processed by a transimpedance preamplifier and then
were fed to a lock-in amplifier, demodulating the signal at 2𝑓
mode and retrieving the gas concentrations.

The output power and wavelength of the DFB laser as a
function of current were plotted in Figure 2. The current of
the DFB laser was scanned from 15mA to 125mA at a con-
stant temperature of 23.95∘C, corresponding to a wavelength
range from 7305.8 cm−1 to 7309.9 cm−1. Two H

2
O absorp-

tion lines, located at 7306.75 cm−1 and 7308.82 cm−1, were
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Figure 2: Output power and wavelength of the laser as a function of
current.

covered within the scanning range. According to the
HITRAN database, the two H

2
O absorption lines have the

line intensities of 1.8 × 10−20 cm/mol and 6.9 × 10−22 cm/mol,
respectively, as shown in Figure 3(a). The relevant 2𝑓 signal,
obtained from the QEPAS sensor by use of the spectrophone
based on a bare QTF, was shown in Figure 3(b). A lower
detection limit can be achieved by selecting a stronger target
line, but to avoid the overload of the lock-in amplifier, the
weaker line at 7308.82 cm−1 was selected as the target line in
this experiment.

Figure 4 shows four different QEPAS spectrophones: (a)
single bare QTF based spectrophone, (b) traditional single
QTF based “on-beam” spectrophone, and (c), (d) multi-QTF
based “on-beam” spectrophones. In Figure 4(c), two QTFs
were placed in a line with a gap of 20𝜇m, and twoAmRswere
positioned closely on the one side of eachQTFswith the same
gap of 20𝜇m. The distance from the top of the QTF prongs
to the center of the AmRs was 0.7mm. In Figure 4(d), an
additional QTF was added to a traditional single QTF based
“on-beam” spectrophone. The distance from the top of the
QTF prongs to the center of the AmRs and the gaps between
the QTF #3 and the AmRs were the same as in Figure 4(c).
This configuration is equivalent to two traditional half “on-
beam” spectrophones connected in series [12].The geometric
parameters of all the AmRs used in Figures 4(b)–4(d) are the
same as in [13].

3. Results and Discussion

A function generatorwas used to generate sinusoidal waves to
excite the QTF, and the output signals of the QTF at different
excitation frequencies were recorded as the resonance curves.
The resonance frequency 𝑓

0
and 𝑄 value of the QTF can be

obtained from Lorentz fitting of the square of the resonance
curve [14]. The 𝑄 value is defined as 𝑓

0
/Δ𝑓, where Δ𝑓

represents the full width at half maximum (FWHM) of the
resonance curve. The resonance curve of the single bare
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Figure 3: (a) Locations and intensities of H
2
O absorption lines from the HITRAN database; (b) 2𝑓 signal obtained from the QEPAS sensor
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Figure 4: (a) Single bare QTF based spectrophone, (b) single QTF based “on-beam” spectrophone, and (c), (d) multi-QTF based “on-beam”
spectrophones.The geometric parameters of all the AmRs used in Figure 4 are 4.4mm in length and 0.6mm in inner diameters, respectively.

QTF based spectrophone (Figure 4(a)) and the traditional
single QTF based “on-beam” spectrophone (Figure 4(b))
were shown in Figure 5.The frequency of the sinusoidal wave
from the function generator was scanned from 32720Hz to
32780Hz with peak to peak amplitude of 317mV. A standard

QTF has the resonance frequency of 32768Hz and 𝑄 value
of 80,000–100,000 in a sealed vacuum metallic package.
The frequency and the 𝑄 value decreased to 32748.8Hz
and 8396 in the air, after removal of the metallic housing.
With the traditional single QTF based “on-beam” QEPAS
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Figure 5: Resonance curves of a single bare QTF based spectro-
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measured at atmospheric pressure in the air.

Table 1: Parameters of multi-QTF based “on-beam” spectrophone
(Figure 4(c)).

QTF #1 QTF #2 Multi-QTF
Resonance frequency (Hz) 32747.29 32744.15 32746.93
𝑄 value 5660 2923 6918

spectrophone, the 𝑄 factor further decreased to 3193, due
to the strong coupling effect between the QTF and AmRs.
The lower𝑄 value means more acoustic energy exchange and
storage between the QTF and the AmRs.

The performance of the multi-QTF based “on-beam”
spectrophone shown in Figure 4(c) was first evaluated. The
resonance curves of both QTFs were measured indepen-
dently, and the corresponding parameters were listed in
Table 1. QTFs #1 and #2 showed the approximate frequency.
As a result, only one peak value on the response curve was
observed, after connecting the electrodes of the two QTFs
in parallel. The 𝑄 value of 5660 and 2923 for each QTF
indicated that both the QTFs were coupled with the AmRs
independently. Due to the strong coupling effect between the
multi-QTF and the AmRs, the multi-QTF based “on-beam”
spectrophone, shown in Figure 4(c), exhibited a 𝑄 value
of 6918. Figure 6 shows the resonance curves obtained for
QTF #1, QTF #2, and multi-QTF using the configuration of
Figure 4(c), indicating that when two QTFs were connected
in parallel and strongly coupled with the AmRs, 𝑄-factor of
multi-QTFs can be higher than each of the two QTFs.

Themodulation depth of the laser was optimizedwith the
bare QTF based spectrophone. The laboratory air containing
1.26% H

2
O was selected as the target analyte. The signal

amplitudes and spectral profiles of the QEPAS 2𝑓 signal as
a function of laser modulation depth were plotted in Figures
7(a) and 7(b). As shown in Figures 7(a) and 7(b), with
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Figure 6: Resonance curves obtained for QTF #1, QTF #2, and
Multi-QTF using the configuration of Figure 4(c).

Table 2: Parameters of multi-QTF based “on-beam” spectrophone
(Figure 4(d)).

QTF #3 QTF #4 Multi-QTF
Resonance frequency (Hz) 32744.93 32746.96 32745.68
𝑄 value 5384 5540 5714

the modulation depth increasing from 5 to 20mA, both the
amplitude and spectra width of the QEPAS signal increased
monotonously. However, with the modulation depth increas-
ing from 13 to 20mA, the signal amplitude increased only
9.4% (from 1.71mV to 1.96mV), shown in inset (j), but the
spectra width increased 43.6% (from0.44 cm−1 to 0.63 cm−1),
shown in inset (i). Therefore, an optimummodulation depth
of 13mA was selected, considering the spectral broadening.

QTFs #1 and #2 were first evaluated independently. The
obtained signals were demonstrated in Figure 8(a). QTFs #1
and #2 showed the signal amplitudes of 41.5mV and 37.5mV
which are 23.3 times and 21 times higher than that of the
single bare QTF based spectrophone.This indicates that both
QTFs #1 and #2 were strongly coupled with the AmRs assem-
bled in the “on-beam” configuration. The QEPAS signal,
obtained with the twoQTFs’ electrodes connected in parallel,
was also plotted in Figure 8(a). As a result, the multi-QTF
based “on-beam” spectrophone showed the signal amplitude
of 58.8mV, yielding a 1.4 times enhancement compared to the
traditional single QTF based “on-beam” spectrophone and
a 33 times enhancement compared to the single bare QTF
based spectrophone. The asymmetry of the signal was due to
the residual amplitude modulation of the laser [15].

The performance of the multi-QTF based “on-beam”
spectrophone in Figure 4(d) was evaluated in the same way.
The comparisons in the resonance curves and the signal
amplitudes were shown in Table 2 and Figure 8(b), respec-
tively. In contrast with the spectrophone in Figure 4(c), the
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Figure 7: (a) QEPAS signal amplitudes as a function of laser modulation depth; (b) spectral broadening widths of QEPAS signal as a function
of laser modulation depth.
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Figure 8: (a) Performance of multi-QTF based “on-beam” spectrophone shown in Figure 4(c); (b) performance of multi-QTF based “on-
beam” spectrophone shown in Figure 4(d).

multi-QTF based “on-beam” spectrophone in Figure 4(d)
generated a signal amplitude of 65.1mV which is 1.6 times
higher than that of the traditional single QTF based “on-
beam” spectrophone and 36 times higher than that of the
single bare QTF based spectrophone. Considering the higher
signal gain, themulti-QTF based “on-beam” spectrophone in
Figure 4(d) is preferred.

TheQEPAS signal amplitude of themulti-QTFbased “on-
beam” spectrophone (Figure 4(d)) as a function of distance

between QTF #4 and AmR #4 was optimized and shown
in Figure 9. With the distance increasing from 10 to 50 𝜇m,
the signal amplitudes achieve the maximum value of 65.1mV
at the distance of 40 𝜇m, as shown in the inset of Figure 9.
This observed behavior is due to the coupling effect of the
acoustic wave fields between QTF #4 and the AmRs. The
signal-to-noise ratio (SNR) of the sensor can be calculated
from the 2𝑓 signalmaximumvalue and the noise background
level obtained by tuning the laser wavelength far away from
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the H
2
O absorption lines. With the 1𝜎 noise of 4.6 × 10−5 V,

the SNR of the multi-QTF based “on-beam” spectrophone
(Figure 4(d)) is 1410, corresponding to a detection limit of
9.96 ppm. Normalized to the excitation power of 5.4mW
and the detection bandwidth of 0.125Hz, the obtained 1𝜎
normalized noise equivalent absorption (NNEA) coefficients
were 1.24 × 10−9W⋅cm−1⋅Hz−1/2.

4. Conclusions

Acoustic microresonators are added to the most recently
developed multi-QTF based QEPAS sensor to further
enhance the signal amplitude. Two kinds of multi-QTF
based spectrophones with “on-beam” AmR configurations
were experimentally investigated and discussed. Compared
with the traditional single QTF based “on-beam” spectro-
phone, the developed multi-QTF based “on-beam” spectro-
phone had a signal enhancement of 1.6 times at the same
operating conditions, with the approximate noise level. A
normalized equivalent absorption coefficient (1𝜎) of 1.24 ×
10−9W⋅cm−1⋅Hz−1/2 was obtained for water vapor detection
at normal atmospheric pressure.The signal enhancement can
be further improved by using a phase shifter to adjust the
possible phase difference between the multi-QTFs.

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

Acknowledgments

The work was supported by the 973 program (Grant no.
2012CB921603), the National Natural Science Foundation of

China (Grant nos. 61575113, 61275213, 61108030, 61475093,
61127017, 61178009, 61378047, and 61205216), the National
Key Technology R&D Program (2013BAC14B01), the Shanxi
Natural Science Foundation (2013021004-1), and the Shanxi
Scholarship Council of China (2013-011, 2013-01).

References

[1] L. Dong, H. Wu, H. Zheng et al., “Double acoustic microres-
onator quartz-enhanced photoacoustic spectroscopy,” Optics
Letters, vol. 39, no. 8, pp. 2479–2482, 2014.

[2] H. Wu, L. Dong, H. Zheng et al., “Enhanced near-infrared
QEPAS sensor for sub-ppm level H

2
S detection by means of

a fiber amplified 1582 nm DFB laser,” Sensors and Actuators B:
Chemical, vol. 221, pp. 666–672, 2015.

[3] H. Yi, R. Maamary, X. Gao, M. W. Sigrist, E. Fertein, and W.
Chen, “Short-lived species detection of nitrous acid by exter-
nal-cavity quantum cascade laser based quartz-enhanced pho-
toacoustic absorption spectroscopy,”Applied Physics Letters, vol.
106, no. 10, Article ID 101109, 2015.

[4] A. Rosencwaig, Photoacoustics and Photoacoustic Spectroscopy,
Wiley, 1980.

[5] P. Patimisco, G. Scamarcio, F. K. Tittel, and V. Spagnolo,
“Quartz-enhanced photoacoustic spectroscopy: a review,” Sen-
sors, vol. 14, no. 4, pp. 6165–6206, 2014.

[6] H. Wu, L. Dong, W. Ren et al., “Position effects of acoustic
micro-resonator in quartz enhanced photoacoustic spectro-
scopy,” Sensors andActuators B: Chemical, vol. 206, pp. 364–370,
2014.

[7] H. Wu, A. Sampaolo, L. Dong et al., “Quartz enhanced photoa-
coustic H

2
S gas sensor based on a fiber-amplifier source and a

custom tuning fork with large prong spacing,” Applied Physics
Letters, vol. 107, no. 11, Article ID 111104, 2015.

[8] Y. Ma, G. Yu, J. Zhang, X. Yu, R. Sun, and F. K. Tittel, “Quartz
enhanced photoacoustic spectroscopy based trace gas sensors
using different quartz tuning forks,” Sensors, vol. 15, no. 4, pp.
7596–7604, 2015.

[9] L. Dong, A. A. Kosterev, D. Thomazy, and F. K. Tittel, “QEPAS
spectrophones: design, optimization, and performance,” Ap-
plied Physics B: Lasers and Optics, vol. 100, no. 3, pp. 627–635,
2010.

[10] K. Liu, X. Guo, H. Yi, W. Chen, W. Zhang, and X. Gao, “Off-
beam quartz-enhanced photoacoustic spectroscopy,” Optics
Letters, vol. 34, no. 10, pp. 1594–1596, 2009.

[11] Y. Ma, X. Yu, G. Yu et al., “Multi-quartz-enhanced photoacous-
tic spectroscopy,” Applied Physics Letters, vol. 107, no. 2, Article
ID 021106, 2015.

[12] H. Yi, W. Chen, X. Guo et al., “An acoustic model for mic-
roresonator in on-beam quartz-enhanced photoacoustic spec-
troscopy,” Applied Physics B, vol. 108, no. 2, pp. 361–367, 2012.

[13] H. Zheng, L. Dong, X. Yin et al., “Ppb-level QEPAS NO
2
sensor

by use of electrical modulation cancellationmethod with a high
power blue LED,” Sensors and Actuators, B: Chemical, vol. 208,
pp. 173–179, 2015.

[14] A. A. Kosterev, F. K. Tittel, D. V. Serebryakov, A. L. Malinovsky,
and I. V. Morozov, “Applications of quartz tuning forks in spec-
troscopic gas sensing,” Review of Scientific Instruments, vol. 76,
no. 4, Article ID 043105, 2005.

[15] Y. Cao, W. Jin, H. L. Ho, L. Qi, and Y. H. Yang, “Acetylene
detection based on diode laser QEPAS: combined wavelength
and residual amplitude modulation,” Applied Physics B, vol. 109,
no. 2, pp. 359–366, 2012.



Research Article
Analysis of ACAM Data for Trace Gas Retrievals during
the 2011 DISCOVER-AQ Campaign

C. Liu,1 X. Liu,1 M. G. Kowalewski,2,3 S. J. Janz,3 G. González Abad,1 K. E. Pickering,3

K. Chance,1 and L. N. Lamsal2,3

1Harvard-Smithsonian Center for Astrophysics, Cambridge, MA 02138, USA
2Goddard Earth Sciences Technology and Research, Universities Space Research Association, Columbia, MD 21044, USA
3NASA Goddard Space and Flight Center, Greenbelt, MD 20771, USA

Correspondence should be addressed to C. Liu; chliu81@ustc.edu.cn

Received 15 June 2015; Accepted 30 July 2015

Academic Editor: Xiaoming Gao

Copyright © 2015 C. Liu et al. This is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

To improve the trace gas retrieval from Airborne Compact Atmospheric Mapper (ACAM) during the DSICOVER-AQ campaigns,
we characterize the signal to noise ratio (SNR) of the ACAM measurement. From the standard deviations of the fitting residuals,
the SNRs of ACAM nadir measurements are estimated to vary from ∼300 at 310 nm to ∼1000 in the blue spectral region; the zenith
data are noisier due to reduced levels of illumination and lower system throughput and also show many more pixels with abrupt
anomalous values; therefore, a new method is developed to derive a solar irradiance reference at the top of the atmosphere (TOA)
from average nadir measurements, at instrument spectral resolution and including instrument calibration characteristics. Using
this reference can significantly reduce fitting residuals and improve the retrievals. This approach derives an absolute reference
for direct fitting algorithms involving radiative transfer calculations and thus can be applied to both aircraft and ground-based
measurements. The comparison of ACAM radiance with simulations using coincident ozonesonde and OMI data shows large
wavelength-dependent biases in ACAM data, varying from ∼−19% at 310nm to 5% at 360 nm. Correcting ACAM radiance in
direct-fitting based ozone profile algorithm significantly improves the consistency with OMI total ozone.

1. Introduction

The Airborne Compact Atmospheric Mapper (ACAM) is
an Ultraviolet (UV)/visible/near-infrared spectrometer cov-
ering the spectral range 304–910 nm [1]. It has been flown on
board the NASA UC-12 aircraft in both nadir-viewing mode
and much less frequently in zenith-sky mode during the
DISCOVER-AQ campaigns as the primary airborne instru-
ment to provide remote sensing column abundances of O

3
,

NO
2
, and CH

2
O and explore column observations including

profiles of partial O
3
columns [2].

To retrieve O
3
profiles or trace gas vertical column densi-

ties (VCDs) from ACAM data by directly fitting the radiance
and using the optimal estimation inversion technique, it
is critical to perform accurate radiometric calibration and
characterize the signal to noise ratio (SNR) of the mea-
surements as measurement constraint [3, 4]. Liu et al. [3]

performed empirical radiometric calibration of OMI data by
comparingmeasured radiance with simulated radiance using
zonal mean Microwave Limb Sounder (MLS) O

3
profiles

in the stratosphere and climatological O
3
profiles in the

troposphere. A similar method can be applied to ACAM
measurements but using simultaneously observed O

3
sonde

profiles during the DISCOVER-AQ campaigns. The SNR of
ACAMmeasurements can be determined through examining
the random part of the fitting residuals.

Because it is impossible to measure extraterrestrial solar
irradiance spectrum with the same instrument for ground-
based or aircraft UV/visible spectroscopic measurements,
various methods have been used to obtain reference spectra
for retrieving trace gas abundance from these measure-
ments. The classical Langley extrapolation method derives
the extraterrestrial solar irradiance by extrapolating mea-
sured irradiance to zero air mass to remove the effects of
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the atmosphere [5–7]. It has been commonly used for Brewer
andDobsonmeasurements tomeasureO

3
and aerosol optical

depth, but it has to be done at a very clean atmospheric
site (e.g., Mauna Loa, Hawaii) under very special conditions
(e.g., cloudless, with little atmospheric variation during the
measurement period of a few hours in the morning or
afternoon). Atmospheric variability and instrument instabil-
ity can cause errors in top of the atmosphere (TOA) solar
irradiance derived by this way. A more widely used method,
especially for retrieving trace gases from UV/visible spectra,
is to use zenith-sky or clean background measurements as
references [8–16]. Retrievals performed using such reference
spectra result in differential quantities between measured
and reference spectra. Statistical approaches like minimum-
amount Langley extrapolation (MLE) and the bootstrap-
estimation methods or other correlative measurements are
often used to derive the offset in the reference spectra
[9, 17]. In addition, it is more complicated to use such
reference spectra in direct fitting of radiance with radia-
tive transfer calculations to derive absolute quantities from
both nadir and zenith-sky measurements. Tzortziou et al.
[18] convolved calibrated high-resolution solar irradiance
reference [19] with instrument slit functions to derive the
extraterrestrial solar irradiance spectrum from ground-based
Pandorameasurements for retrieving absolute total O

3
. How-

ever, radiometric/wavelength calibration differences between
high-resolution reference and measurements often cause
large errors to minor trace gas determinations. In this paper,
a novel technique is developed to derive TOA solar irradiance
reference spectrum fromaircraft nadir/zenithmeasurements.

The main purpose of this paper is to perform ACAM
absolute radiometric calibration, characterize instrument
measurement SNR, and derive proper TOA reference
spectrum for improving trace gas retrievals from ACAM
measurements during the 2011 Baltimore-Washington D.C.
DISCOVER-AQ campaign. It is organized as follows. The
ACAM instrument and data analysis are described in
Section 2. Section 3 focuses on the wavelength and slit
function calibration and characterization of ACAM SNR
and identification of problematic spectral pixels. Section 4
presents a new method of deriving TOA solar irradiance
reference spectrum. Section 5 concludes this study.

2. ACAM Instrument and Data Analysis

TheAirborne Compact AtmosphericMapper (ACAM) flown
on board the NASA UC-12 aircraft was designed and built
at the NASA Goddard Space Flight Center (GSFC). The
science objectives of ACAM are to provide remote sensing
observations of tropospheric and boundary layer pollutants
to help understand some of the most important pollutants
that directly affect the health of the population. The ACAM
instrument includes two spectrographs, the air quality (AQ)
spectrometer and the ocean color (OC) spectrograph. The
first one, the UV/Visible AQ spectrometer, covers the 304 nm
to 520 nm spectral region at a moderate resolution of 0.8 nm.
It is optimized for the measurement of tropospheric pollu-
tants and water vapor.The second one, the OC spectrograph,

covers the spectral region ranging from 460 nm to 900 nm
with a resolution of 1.5 nm optimized for ocean color, water
vapor, and aerosols. They operate in two viewing modes,
nadir and zenith view, with a spatial resolution of ∼1.5 ×
0.75 km2 for nadir view. A detailed description of ACAM
instrument can be found in [1].

The SAO basic optical absorption spectroscopy (BOAS)
trace gas fitting algorithm is adapted to perform wavelength
and slit function calibration and spectral fitting of trace gases
[20] and has been described in detail in Liu et al. [21]. In this
study, we use the derived broadened Gaussian slit function
parameters fromACAMdata [21] for preconvolution of trace
gas cross sections. The fitting algorithm is quite sensitive to
the input parameter settings such as retrieval fitting window,
the order of polynomials which is used to remove the slow
variation of observed spectrum, and the involved absorption
of the other trace gases. In this study, through intensive
investigations, O

3
, NO
2
, and HCHO are optimizedmainly by

using new fitting window 318–335 nm, 430–485 nm, and 324–
457 nm, respectively.

3. Instrument SNR Characterizations and
Radiometric Calibration

The fitting residuals contain a systematic component as well
as a randomcomponent.The standard deviation (i.e., random
component) ofmean fitting residuals can generally be used to
characterize the SNR of the ACAM measurements. Figure 1
shows standard deviations of fitting residuals for three fitting
windows derived from one day of ACAM nadir viewing and
zenith-sky data on July 21, 2011. In general, they reflect the
SNR of ACAM spectral pixels except for some anomalous
pixels, especially in the zenith-skymeasurements.The SNRof
nadir measurements increases from ∼300 around 310 nm to
∼700 at 340 nmand 1000 in the blue spectral region.Note that
ACAM measurements have 8 samples per FWHM, which
effectively enhances the SNR by a factor of 1.63 compared to
measurements with 3 samples per FWHM (e.g., OMI). The
zenith data are noisier due to reduced levels of illumination
and lower system throughput through the zenith fiber port.
The anomalous pixels in zenith data are probably linked
to instrument radiometric calibration problems and suggest
that the current quality of zenith data is inadequate as a
reference for retrieving trace gases fromnadirmeasurements.
We have identified these pixels with spikes in a previous
version of the nadir data and reported them to the ACAM
calibration team. They informed us that most of these pixels
are affected by inadequate dark current correction. As shown
in Figure 1; most of these spikes have been removed in the
latest version of ACAM nadir data. They might be removed
from zenith measurements in the future.

In order to investigate the quality of ACAM radiometric
calibration and perform necessary corrections to ACAM
radiance for direct fitting of radiance with radiative calcula-
tions, we compare ACAM radiance with simulated radiance
using the vector linearized discrete ordinate radiative transfer
model (VLIDORT) [22], similar to the comparison described
in Liu et al. [3]. To improve the accuracy of the simulation,
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Figure 1: Standard deviations of fitting residuals from both zenith (red) and nadir (black) measurements of the ACAM AQ channel on July
21, 2011, for three selected wavelength ranges: (a) O

3
fitting window, (b) CH

2
O fitting window, and (c) NO

2
fitting window.

310 320 330 340 360350

Wavelength (nm)

−25

−20

−15

−10

−5

0

5

10

(I
m
−
I s

)/
I s
∗
10
0
(%

)

(a)

To
ta

lO
3

co
lu

m
n 

(D
U

)

15.0 15.5 16.0 16.5 17.0 17.5

UTC

300

320

340

360

380

(b)

Figure 2: (a) Difference between ACAM (𝐼
𝑚
) and simulated (𝐼

𝑠
) radiance versus wavelength for 158 ozonesonde/ACAM collocations (within

2 hours and 1 km) in different colors, for the 2011 DISCOVER-AQ flight campaign. The average difference (black) is used as the empirical
radiometric correction. (b) Retrieved total ozone column with (black) and without (red) using the derived empirical correction from ACAM
radiance in the spectral region 318–335 nm from July 21, 2011, using the optimal estimation based ozone profile algorithm.

we use ozonesonde profiles measured at Beltsville (39.1∘N,
76.9∘W) and Edgewood (39.4∘N, 76.3∘W) during the 2011
DISCOVER-AQ flight campaign collocated with ACAM
observations within 2 hours and 0.01∘ longitude and lati-
tude below 100 hPa and scaled climatologically stratospheric
ozone profiles from McPeters et al. [23] to match the daily
overpass OMI O

3
total ozone column (within 6 hours and

0.07∘ latitude and 1∘ longitude, 6DU added to account for
known systematic offset in the OMTO3 caused by the use of
the Bass and Paur cross sections). A total of 158 collocations
with 48 ozonesonde profiles are used in the simulations.

Figure 2(a) shows individual percentage differences
between ACAM and simulated radiance in the spectral
range 309–360 nm for all the collocations (in colors) and

the average difference (black). The average difference varies
from ∼−19% to ∼5% showing significant wavelength depend-
ence. The difference is zero at 347.2 nm as we derive cloud
information from this wavelength region by matching simu-
lated and ACAM radiance. Thus, these are relative wave-
length-dependent differences, which actually matter to the
ozone profile algorithm [3]. There is significant variability
in the derived differences (∼10% at 310 nm and ∼5% at
360 nm) due tomismatch in time and location and uncertain-
ties/errors in used ozone profiles. The presence of consistent
overall features for these collocations indicates the existence
of wavelength-dependent radiometric calibration errors in
current ACAMdata.TheACAMcalibration team is currently
revisiting ACAM’s absolute radiometric calibration for
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improvement, particularly in removing the stray light compo-
nent which becomes increasingly important at wavelengths
below 350 nm. To show the importance of applying this
correction to the optimal estimation based ozone profile
algorithm [3] modified for ACAM data, we apply an empir-
ical correction to both ACAM radiance using the average
difference and retrieve ozone profile from ACAM radiance
in the spectral region 318–335 nm on July 21, 2011. Figure 2(b)
compares the retrieved total ozonewith andwithout applying
this correction. After applying the correction, the total ozone
is significantly reduced, by ∼35DU, more consistent with
the overpass OMI total ozone column of 309 ± 0.6DU, and
appears to be less noisy.

4. Derived TOA Solar Irradiance Reference

A new method is developed to derive the TOA solar irradi-
ance reference spectrum over a spectral window fromACAM

nadir measurements. First, we choose several hundred nadir
measurements with similar radiance and have relatively small
SCDs (through initial spectral fitting) of the target trace gas
(i.e., for NO

2
and CH

2
O) and derive an average nadir radi-

ance spectrum 𝐼
𝑛
(𝜆). The averaging of nadir measurements

at similar radiance significantly reduces random noise in
the measurements. Second, we use the high-resolution solar
reference spectrum 𝐼

ℎ0,𝜆
convolvedwith derived slit functions

to fit 𝐼
𝑛
(𝜆) over a fitting window larger than the target trace

gas fitting window by ∼2 nm on both sides while simulating
the radiance spectrum. The fitted trace gas SCDs come from
two parts: (a) the actual trace gas in the atmosphere contained
in 𝐼
𝑛
(𝜆) and (b) the artifacts from the use of 𝐼

ℎ0,𝜆
, which

introduces structures similar to some of the target trace gas.
Typically, the former is much larger for O

3
, but the latter is

much larger for minor trace gases. Third, by replacing 𝐼
𝑠
(𝜆)

with 𝐼
𝑛
(𝜆) and applying all the fitted parameters in the reverse

process, we can derive the TOA solar irradiance according to

𝐼TOA,𝑛 (𝜆) =
{[(𝐼
𝑛 (𝜆) − 𝑃𝑏 (𝜆)) /𝑃𝑠 (𝜆) − ∑𝑖 𝑎2,𝑖𝑋2,𝑖 (𝜆)] exp (∑𝑖 𝑛𝑖𝜎𝑖 (𝜆)) − ∑𝑖 𝑎1,𝑖𝑋1,𝑖 (𝜆)}

𝐴
. (1)

𝐴 is the scaling parameter. 𝑋
1,𝑖
(𝜆), 𝜎

𝑖
(𝜆), and 𝑋

2,𝑖
(𝜆) are

the basis functions in initial add-on, Beer’s law, and second
add-on modes, respectively, and 𝑎

1,𝑖
, 𝑛
𝑖
, and 𝑎

2,𝑖
are the

corresponding coefficients. The basis functions can include
trace gas cross sections, Ring effect, undersampling spectra,
and common residual spectra. Each basis function is typically
included in only one of the modes (e.g., cross sections as 𝜎

𝑖
,

Ring effect (Chance and Spurr, 1997) as 𝑋
1,𝑖
, and common

mode as 𝑋
2,𝑖
). 𝑃
𝑠
(𝜆) and 𝑃

𝑏
(𝜆) are the scaling and baseline

polynomials, respectively. An option to the above process is
whether to apply 𝑛

𝑖
of the target trace gas. Applying 𝑛

𝑖
cancels

the part in 𝐼
𝑛
(𝜆), leaving the artifact part in the 𝐼TOA,𝑛(𝜆).

On the other hand, not applying 𝑛
𝑖
cancels the artifact part,

leaving the part from 𝐼
𝑛
(𝜆) in the 𝐼TOA,𝑛(𝜆). 𝐼TOA,𝑛(𝜆) contains

a systematic offset from the target gas in either case. To reduce
the systematic offset, we apply 𝑛

𝑖
for O
3
and do not apply 𝑛

𝑖

for other minor trace gases.
The derived 𝐼TOA,𝑛(𝜆) is a solar irradiance reference

at instrument spectral resolution that includes instrument
calibration characteristics. When it is used as a reference
in the trace gas retrievals, it cancels most of the systematic
instrument calibration features, leading to improved relative
root mean square (RMS) values of the fitting residuals
as shown in the next paragraph. It can be derived from
either nadir or zenith measurements but, due to much more
frequent nadir measurements and their higher qualities (as
shown in Figure 1), we derive TOA solar reference using
the nadir measurements. This method can also be applied
to ground-based measurements or satellite measurements if
high quality solar irradiance measurements are not available.
Although it contains some systematic offset, it can be used as
an absolute reference spectrum for direct fitting algorithms

involving radiative calculations (e.g., ozone profile retrieval
algorithm) from both nadir and zenith measurements.

To show the retrieval improvement using our derived
𝐼TOA,𝑛(𝜆), we compare retrievals ofO

3
, CH
2
O, andNO

2
SCDs

using three references in Figure 3. The other two references
for comparison are the average zenith-sky reference and
the TOA solar irradiance reference 𝐼TOA(𝜆) by directly con-
volving the high-resolution solar irradiance spectrum with
ACAM slit functions using (1). 𝐼TOA(𝜆) is very similar to
our derived 𝐼TOA,𝑛(𝜆) except that it does not contain ACAM
calibration features. Using 𝐼TOA,𝑛(𝜆) significantly reduces
fitting RMS values and fitting uncertainties especially for
CH
2
O and NO

2
by more than a factor of 3 and 4.The average

zenith reference gives better precision for CH
2
O fitting,

comparable fitting precision and better RMS uncertainties for
NO
2
fitting, and worse precision for O

3
, compared to the

𝐼TOA(𝜆). Although the zenith reference is also measured by
the ACAM instrument, the large fitting RMS is likely due
to the optical path difference of zenith port from the nadir
port, by using additional optical fibers, systematic calibration
differences between zenith and nadir data, and poorer SNR
in the zenith data. Both TOA solar irradiance references are
absolute references, giving actual SCDs in the atmosphere,
while the average zenith reference is a relative reference,
giving very small or even negative O

3
SCDs especially when

the solar zenith angle is small. However, for CH
2
O and

NO
2
fitting, using 𝐼TOA(𝜆) leads to large systematic offsets,

∼2 × 1017 and ∼1016molecules cm−2 for CH
2
O and NO

2
,

respectively, mainly due to artifacts from the convolved
solar irradiance. Compared to 𝐼TOA,𝑛(𝜆), the zenith reference
gives similar NO

2
SCDs but larger CH

2
O SCDs by ∼4 ×

1016molecules cm−2.
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Figure 3: Comparison of O
3
(left), CH

2
O (middle column), and NO

2
(right) fitting in (top) relative RMS, (middle row) SCDs, and (bottom)

precision of SCDs for ACAMmeasurements from July 21, 2011, using three different reference spectra: average zenith reference (blue), high-
resolution solar irradiance convolved with instrument slit functions (black), and derived TOA solar irradiance from average nadir radiance
spectrum (red).

5. Summaries

In this study we estimate the SNRs and identify anomalous
spectral pixels in the data from standard deviations of the
fitting residuals. The SNRs for ACAM nadir measurements
increase from ∼300 around 310 nm to ∼700 at 340 nm and
1000 in the blue spectral region. The zenith data are noisier
and show many more anomalous pixels, indicating dark cur-
rent calibration problems. This also suggests that the current

quality of zenith spectra is insufficient as reference spectra
for trace gas retrievals. Using collocated ozonesonde mea-
surements in the troposphere and climatological O

3
in the

stratosphere scaled to match overpass OMI total ozone col-
umn,we simulated radiance and compared themwithACAM
radiance in the UV (∼309–360 nm). The average differences
show strong wavelength dependence, varying from ∼ −19%
at 310 nm to 5% at 360 nm, indicating the presence of large
wavelength-dependent radiometric calibrations errors in the
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current ACAM data. Using the average difference as the
correction to ACAM radiance, we evaluated the impact of
this correction on the retrieved total ozone using the optimal
estimation based ozone profile algorithm. The correction
reduces the total ozone by ∼35DU,making it more consistent
with the coincident OMI total ozone.

We developed a newmethod to derive the TOA solar irra-
diance reference at instrument spectral resolution, including
instrument calibration characteristics, from aircraft nadir
measurements through reversing the calibration process. We
compared the performance of retrieving O

3
, CH
2
O, andNO

2

SCDs using this derived TOA reference with those using an
average zenith reference and a TOA reference by directly
convolving high-resolution solar irradiance with derived
instrument slit functions. Using our derived TOA reference
significantly reduces fitting RMS/uncertainty (by a factor of
3 and 4 for CH

2
O and NO

2
). It gives absolute O

3
SCDs

compared to the zenith reference and significantly reduces
the artificial offsets in CH

2
O and NO

2
SCDs compared to

the directly convolved TOA reference. This method can be
applied to both aircraft and ground-based measurements to
derive retrieval reference spectra, which can serve as absolute
reference for direct fitting algorithms involving radiative
calculations, although it still causes systematic offsets in the
derived quantities as do most of the conventional reference
spectra for aircraft/ground-based measurements.
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High resolution Fourier transform near IR solar spectra are used to estimate the column-averaged dry-air mole fraction (DMF) of
CO
2
andCH4 variations in the atmosphere.The preliminary retrieval results for CO

2
andCH4 variations in the area ofHefei, China,

are presented, and the underlying error sources are also analyzed. Both a forward analysis and an inversion algorithm are included
in the retrieval. The forward analysis uses the modeled atmospheric transmittance to line-by-line (LBL) convolute the instrument
line shape function. The influences of the temperature, pressure, humidity, and a priori gases are considered in the atmospheric
transmittance model.The inversion algorithm is based on the nonlinear iterative and nonlinear least squares spectral fitting, which
is used to obtain VCDCO2

and VCDCH4
(which represent vertical column density of CO

2
and CH4, resp.). Furthermore, the VCDO2

is also retrieved for converting the VCDs into DMFs. DMFs are final products of data analysis. The inversion results can clearly
resolve the tiny variations of CO

2
and CH4 under strong atmospheric background. Spectral fitting residuals for both VCDCO2

and
VCDCH4

are less than 0.5%. Finally, CO
2
and CH4 diurnal variations are investigated based on a typical observation. About 2 ppm

amplitude for DMFCO2
diurnal variations and less than 15 ppb amplitude for DMFCH4

are observed.

1. Introduction

Greenhouse effect caused by greenhouse gases (GHGs) can
produce a series of environmental and economic problems.
Recording GHG variations with high precision and accuracy
is of great significance for predicting future climate change.
Besides, good knowledge of global source and sink of carbon
is the prerequisite for global warming control because carbon
(except vapor) is themost important component in theGHGs
[1].

CO
2
and CH

4
are two important GHGs and carbon

compounds, which have been the research hotspots for
decades [1, 2]. To have good knowledge of these two gases,
the world has established more than 100 in situ observation
sites over the past 30 years [3, 4]. A large number of GHG
researches have been accomplished based on the combination

of the in situ observation and global transmission model.
In situ observations are mainly focused on the atmospheric
boundary layer. The most striking characteristic of in situ
observations on the atmospheric boundary layer is its high
accuracy. But it is severely affected by the local source
and sink and limited in the spatial coverage range [5].
Column density measurements can fill these gaps and are less
influenced by the atmospheric boundary layer height changes
and vertical transport [6]. Compared to in situ observation,
column density measurements are less affected by temporal
and spatial variations and thus make the horizontal gradients
of the resultsmore directly related to the underlying regional-
scale fluxes [5]. The typical high precision tools for column
measurements are satellite-based and ground-based Fourier
transform spectrometer [7]. Currently, satellite-based Fourier
transform spectrometer includes GOSAT (Japan), launched
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Figure 1: Experimental instrument system.

in 2009, and the OCO-2 (United States), launched in 2014. To
validate these satellite data, ground-based atmosphericGHGs
observation network is established, called the Total Carbon
ColumnObservationNetwork (TCCON) [5]. However, there
is still no TCCON site locating in the area of China. That
means it is unable to validate the satellite-based measure-
ments in the whole area of China.

This paper aims to first retrieve CO
2
and CH

4
variations

in China using ground-based high resolution Fourier trans-
form infrared spectra. This study can not only provide an
evidence for resolving the local source and sink of carbon cir-
cle but also facilitate the satellite-based GHG measurements
validation.

2. Instrument Descriptions

The observation laboratory is installed on an island located
in the west of Hefei (the capital of Anhui Province) in central
and eastern China. It is adjacent to a lake with a longitude of
117∘10E, latitude of 31∘54N, and altitude of 30m.The system
consists of a high resolution ground-based Fourier trans-
form infrared spectrometer (IFS125HR) and a solar tracker
(Tracker-A Solar 547), both of which are purchased from
Bruker Company. IFS125HR has 9 scanner compartments,
with a maximum resolution of 0.00096 cm−1, and covers a
spectral range of 5∼50,000 cm−1.The solar tracker ismounted
inside a dome controlled by a motor on the building roof
(as shown in pictures on the right of Figure 1). A tracking
precision of ±0.1∘ can be achieved by using the Camtracker
mode (a built-in camera continuously adjusts the distance

between the sun spot and the field spot). Solar tracker directs
the sun light through the roof aperture (as shown in pictures
on the left of Figure 1) into the spectrometer. For CO

2
and

CH
4
observation, the spectral resolution is set to 0.02 cm−1

and the CaF
2
beam splitter is used [8]. We choose InSb as

the detector which covers 3900∼15500 cm−1 spectral range
and cooled with liquid nitrogen during operation. In order
to avoid detector saturation, we select a minimum entrance
aperture (0.5mm) and insert an attenuator (grid metal) in
front of the detector.

3. Spectra Retrieval

Spectra retrieval includes two steps, that is, VCDs retrieval
and then DMFs retrieval. We use the GFIT algorithm to
retrieve the CO

2
and CH

4
VCDs. GFIT is developed by JPL

(Jet Propulsion Laboratory), California Institute of Technol-
ogy [5, 9]. It combines nonlinear iteration and nonlinear
least squares fitting. It is a standard inversion algorithm
for TCCON network. When fitting a spectral range, GFIT
attempts to minimize the quantity 𝜒2 with respect to the
variables 𝛼, 𝛽, 𝛿, 𝑥

1
, 𝑥
2
, and 𝑥

3
and other parameters:

𝜒
2
=

𝑁𝑀

∑

𝑖=1

(𝑌
𝑀

𝑖
− 𝑌
𝐶
(𝛼, 𝛽, 𝑉

𝑖
+ 𝛿, 𝑥

1
, 𝑥
2
, 𝑥
3
⋅ ⋅ ⋅ ))

𝛿
2

𝑖

2

, (1)

where 𝑌𝑀 represents the measured spectra, 𝑌𝐶 represents
the calculated spectra, 𝛼 is termed the continuum level, 𝛽 is
termed the continuum tilt, 𝛿 is the frequency shift, and the
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Figure 2: CO
2
spectral fitting within 6339 cm−1 window: the spectrum was recorded on October 8, 2014, 0:47 (UTC). Black lines are the
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)

for CO
2
are 0.2459%.

various𝑥 terms are the scale factors for the different gases and
𝜎
𝑖
is the uncertainty in the value of the 𝑖th element of𝑌𝑀.𝛼,𝛽,

𝛿, 𝑥
1
, 𝑥
2
, 𝑥
3
, . . ., and so forth are important outputs of GFIT.

Due to the complexity of modeling themeasured spectra𝑌𝑀,
a forward model 𝑌𝐶 is exploited. It is expressed as

𝑌
𝑀
= 𝑌
𝐶
+ 𝜀, (2)

where 𝜀 is the measurement error.
Forward model 𝑌𝐶 is commonly termed the convolution

of atmospheric transmittance and the instrument line shape
function [10, 11]:

𝑦
𝑐

𝑖
= {[𝐶 + 𝑆 (]

𝑖
− ]
0
)] 𝑦
𝑖top
ILS (]

𝑖
, 𝛿) ⊗ 𝑇 (]

𝑖
)}

+ 𝑧offset,
(3)

𝑇 (]
𝑖
) = 𝑒
−∑
70

𝑗=0
∑
𝐾

𝑘
∑
𝐿

𝑙
{[𝑐𝑘𝑤0𝑘,𝑗][𝑅𝑙,𝑘,𝑗𝐹𝑙,𝑘,𝑗(]𝑖−]𝑘,𝑗)]𝑛𝑗𝑠𝑗}, (4)

where 𝑦𝑐
𝑖
is the 𝑖th element of 𝑌𝐶, 𝑦

𝑖top
is the atmosphere

top layer spectra, 𝐶 is continuum level, 𝑆 is continuum
tilt, 𝛿 is frequency drift, and 𝑇(]

𝑖
) represents atmospheric

transmittance. When modeling measured spectra, a discrete,
line-by-line, multilayer, and multispecies expression for the
atmospheric transmittance is applied as expressed by (4) [5].
]
0
is the center frequency of a spectral window, ILS(]

𝑖
, 𝛿) is

instrument line shape function, and 𝑧offset is spectral zero
level offset. And the ILS used in GFIT is a nominal ideal
ILS that is a numerical convolution of the sinc function
with a rectangular function when the instrument is well
aligned. The effect of the thermal radiation is ignored due
to its negligible influence on the near-infrared spectrum.

Solar intensity relative fluctuation threshold is set to 5% for
removing the interference of clouds and aerosols.

3.1. Model Parameters Determination. In order to achieve
high precision retrieval, longitude, latitude, altitude, a priori
profiles, real-time surface temperature, humidity, pressure,
wind speed, wind direction, and othermeteorological param-
eters need to be considered in the process of the forward
model calculation [12]. In addition, the high resolution
spectrometer IFS125HR should be calibrated by a low pres-
sure HCl cell regularly because instrument alignment has
great influence on the inversion results [10]. For the current
version of spectra, we did not save the real-time surface
temperature, humidity, and pressure parameters, and no HCl
cell is available. Thus, in this study, we have to make some
assumptions in the model calculation.

(1) Inside the laboratory, the air conditioning is set to a
constant value of 24∘, the dehumidifier is set to a constant
value of 60%, and the IFS125HR is evacuated while saving
the solar spectra. So we assume that the temperature inside
the instrument (𝑇inside) is a constant value of 24

∘, the internal
pressure (𝑃inside) is a constant value of 1mbar, the internal
relative humidity (𝐻inside) is a constant value of 60%, the
temperature outside the instrument (𝑇outside) is a constant
value of 24∘, the external pressure (𝑃outside) is a constant
value of 1 standard atmospheric pressure (1024 pa), and the
external relative humidity (𝐻outside) is a constant value of
60%. In addition, a priori profiles for temperature, pressure,
and humidity above observation station are based on NCEP
(National Center for Environmental Prediction) data [13].
A priori profiles for all gases use the American standard
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Figure 3: CH
4
spectral fitting within 5938 cm−1 window: the spectrum was recorded on October 8, 2014, 0:47 (UTC). Black lines are the

measurements, orange lines are the fitted transmittance, and contributions from individual gases are shown in color. Fitting residuals (𝑇
𝑚
−𝑇
𝑐
)

for CH
4
are 0.3535%.

atmospheric parameters for the mid-latitude of northern
hemisphere.

(2) We already aligned the IFS125HR just before we
started to save the spectra, so we assume that the alignment
of instrument is well because of the excellent stability of the
instrument; that is, the influence of the instrument drift is
neglected for all the spectra.

(3) Time correction is done every day before observa-
tions, so the saved spectra are consistent with the UTC
(Universal Time Coordinated) within ±1-second precision.

3.2. VCD Retrieval. We use the GFIT algorithm to calculate
the CO

2
and CH

4
VCDs which finds the best fitting between

the calculated spectra and the measured spectra [14]. The
most important outputs of the GFIT algorithm are scaling
factors and their uncertainties as mentioned in (1). A priori
profilemole fraction of a gas ismultiplied by the scaling factor
to yield the retrieved vertical column density [13]

columngas = SFgas ∫
∞

𝑧𝑠

𝑓
apriori
gas 𝑛 𝑑𝑧, (5)

where SFgas is the scaling factor for a gas,𝑓
apriori
gas is the a priori

profile of the gas, 𝑛 is the totalmolecules number, 𝑧 represents
altitude, and 𝑧

𝑠
is the altitude of the first mirror of the solar

tracker.

3.3. DMF Calculation. Gas column average dry-air mole
fraction (DMF) is defined as

𝑋gas =
columngas

total dry column
. (6)

Because VCDO2 in the atmosphere is well known, the total
dry-air column can be obtained by using the relationship
between VCDO2 and the total dry-air column [15]:

total dry column =
columnO2
0.2095

. (7)

Substituting (7) into (6) yields the DMF:

𝑋gas = 0.2095
columngas
columnO2

. (8)

The advantages of DMF compared with VCD are as follows:
(1) reducing the influence of surface pressure changes and
water vapor interference on the inversion results; (2) reducing
the systematic error sources which affect both the target gas
and O

2
; (3) improving the inversion precision by minimizing

the common scatter [15].

4. Data Analysis and Discussion

In this study, the direct solar spectra collected between
October 6, 2014, and December 1, 2014, are retrieved. All the
spectra which are saturated or the signal to noise ratios (SNR)
which are less than 500 or the relative intensity variations
which are larger than 5% (mainly caused by clouds and/or
aerosols) are removed. CO

2
, CH
4
, and O

2
gases are retrieved

simultaneously. Retrieval window parameters for CO
2
, CH
4
,

and O
2
are listed in Table 1. The two central frequencies for

CO
2
windows are 6220.00 cm−1 and 6339.50 cm−1, respec-

tively.ThefinalVCDCO2 is the average of thewindows’ results.
The same treatment is also applied to CH

4
. The target gases
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are 0.3085%.
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Figure 5: VCDCO2 time series ranging from October 6, 2014, to December 1, 2014, which are the average of the retrieval values in 6220 cm−1

and 6339 cm−1 windows.

of interest (bold font) and interfering gases are also shown
in Table 1. We set a fitting residual of <1% to filter out those
spectra which do not fulfill the assumptions in Section 3.1.

Figures 2, 3, and 4 are fitting examples for CO
2
, CH
4
,

and O
2
, respectively, which are from a spectrummeasured at

26.535∘ SZA (solar zenith angle) on October 8, 2014. 𝑇
𝑐
and

𝑇
𝑚
represent calculated spectrum and measured spectrum,

respectively. Fitting residuals (𝑇
𝑚
−𝑇
𝑐
) for CO

2
, CH
4
, and O

2

are 0.2459%, 0.3535%, and 0.3085%, respectively. The fitting
residuals are mainly attributed to the unknown structure of
spectroscopies and systematic errors, for example, electronic
noise, acquisition noise, spectral structure noise, and scan-
ning mirror fluctuation noise.

The time series of retrieved VCDCO2 and VCDCH4 are
shown in Figures 5 and 6, respectively. Time periods ranging
from October 6, 2014, to December 1, 2014, are presented for
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6002 cm−1, and 6076 cm−1 windows.
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Figure 7: VCDO2 time series ranging from October 6, 2014, to December 1, 2014, which are the retrieval values in 7885 cm−1 window.

Table 1: Retrieval window parameters for CO
2
, CH
4
, and O

2
.

Gases to fit
Central

frequencies
(cm−1)

Width (cm−1)

CO2, H2O, HDO, and CH
4 6220.00 80.00

CO2, H2O, and HDO 6339.50 85.00
CH4, CO2, H2O, and HDO 5938.00 116.00
CH4, CO2, H2O, and HDO 6002.00 11.10
CH4, CO2, H2O, and HDO 6076.00 138.00
O2, CO2, H2O, and HF 7885.00 240.00

both CO
2
and CH

4
. The VCDCO2 in Figure 5 is the average

of the fitted results in 6220 and 6339 windows. The averaged
fitting errors for CO

2
are less than 1%. Most VCDCO2 lies

between 8.2 and 8.8 × 1021molecules/cm2. The VCDCH4 in
Figure 6 is the average of the results in 5938 cm−1, 6002 cm−1,
and 6076 cm−1 windows. Most VCDCH4 lies between 3.7
and 4.1 × 1019molecules/cm2. The averaged fitting errors
for CH

4
are also less than 1%. Figure 7 is the VCDO2 time

series retrieved from 7885 cm−1 window with fitting error
of <1%. VCDs as shown in Figures 5∼7 are intermediate
products of data analysis and so postprocessing procedures
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Figure 9: DMFCH4 time series ranging from October 6, 2014, to December 1, 2014, which are calculated according to VCDCH4 and VCDO2 .

are not applied to them. Time series ofDMFCO2 andDMFCH4 ,
respectively, in Figures 8 and 9 are calculated by the ratio of
VCDCO2/VCDO2 and VCDCH4/VCDO2 , respectively. DMFs
are final products of the data analysis. Both retrieval errors
and precision are improved greatly (with less scatters).

In addition, the diurnal variations of DMFCO2 and
DMFCH4 are investigated based on typical daily measure-
ments. The diurnal variations of both DMFCO2 and DMFCH4
are clearly observed, which are shown in Figures 10 and 11,
respectively. Precision (1𝜎 standard error) for both DMFCO2
and DMFCH4 is less than 0.1%. DMFCO2 concentrates on
around 396 ppmv with diurnal variation amplitude of ∼
2 ppm. DMFCH4 concentrates on around 1845 ppbv with
diurnal variation amplitude of∼15 ppbv.The peak inDMFCO2
and DMFCH4 on October 24, 2014, may be caused by human
activities. The observed diurnal variations do not indicate

any feature so far, but with the increase of the number of
observations we will do further research.

5. Conclusions and Discussion

CO
2
and CH

4
are important greenhouse gases and carbon

compounds. Capturing their variations in the atmosphere is
of importance to determine their source or sink information.
This study uses high resolution Fourier transform near IR
solar spectra to calculate the CO

2
and CH

4
VCDs and DMFs.

The preliminary retrieval results for CO
2
and CH

4
variations

in the area of Hefei, China, are presented, and the underlying
error sources are also analyzed. The results show that tiny
variations of CO

2
and CH

4
in the atmosphere can be clearly

resolved. The retrieval error is dominated by the deficiencies
in the forward model. Future work will concentrate on
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Figure 11: DMFCH4 time series on October 24, 2014, which are calculated according to VCDCH4 and VCDO2 .

optimizing the input parameters of the model and calibrate
the instrument regularly with HCl cell. We are confident
that, with these improvements, this technical will be more
than adequate for future climate change forecast and satellite-
based column observations validation.
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