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Keywords: We describe the approach to estimating the atmospheric carbon dioxide (CO,) for the Aerosol and Carbon
Carbon neutrality Detection Lidar (ACDL) onboard the Atmospheric Environment Monitoring Satellite (AEMS). The method
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estimates the optimal state vector by maximizing the measurement posterior probability under a given
prior state vector probability distribution. A priori constraint considering the spatial correlation is used as
regularization to solve the ill-posed problem. We ran a series of observing system simulation experiments
to demonstrate the critical outcome and character percentage uncertainty reduction. The results show that
the state vector uncertainty can be reduced by ~ 10% near the surface for the single sounding. The CO,
column-averaged dry air mole fraction (X¢o,) derived by this algorithm is more stable than that obtained by
the conventional algorithm and enables the monitoring of concentration changes for the multiple soundings.
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Similar to the Total Carbon Column Observing Network (TCCON), the averaging kernel is also provided for
the subsequent flux inversion. Our simulation experiments demonstrate that the structure of the prior error
covariance plays an important role in revealing vertical information from observations. In addition, we applied
this algorithm to an airborne ACDL experiment for the retrieval of atmospheric CO, over Bohai Bay on March
14, 2019. AEMS’s observations with a small footprint will yield important information on the carbon cycle,
especially for small but strong emission sources.

1. Introduction

Greenhouse gases (GHGs), mainly carbon dioxide, are considered to
be the most influential factor in global climate change, posing a serious
challenge to global sustainable development (Eggleston et al., 2006; Pei
et al., 2023). The international community has gradually reached a con-
sensus that carbon emission reduction is the most effective way to curb
global warming. The United Nations Framework Convention on Climate
Change (UNFCCC) set out the need for measurable, reportable, and
verifiable (MRV) national action to reduce emissions (Perugini et al.,
2021). The 49th Intergovernmental Panel on Climate Change (IPCC)
meeting recommended providing an independent, top-down assessment
of emission inventories through atmospheric concentration observa-
tion (Buendia et al., 2019). The geographic distribution of stations in
the ground-based observation networks (e.g., Network for the Detection
of Atmospheric Composition Change (NDACC) and The Total Carbon
Column Observing Network (TCCON)) is very heterogeneous, making it
difficult to accurately understand the characteristics and mechanisms of
source-sink changes of greenhouse gases. Satellite remote sensing has
the advantages of objectivity, stability, and large coverage, and has be-
come an indispensable technical tool for monitoring global atmospheric
CO, concentrations. By detecting solar short-wave infrared radiation
reflected from the surface, passive remote sensing satellites such as
GOSAT, OCO-2 (O’Dell et al., 2012; Connor et al., 2008), and Tansat
retrieve the CO, column-averaged dry air mole fraction (the ratio of the
total number of CO, molecules to the total number of dry air molecules
on the total column), called X¢q,. Therefore, there are no effective
observations at night or in high latitudes in winter. In addition, due
to the interference of clouds and aerosols (Zhang et al., 2023), the data
efficiency of passive remote sensing detection satellites is only about
10% (Dupuy et al., 2016), and the detection accuracy is also severely
limited.

The Atmospheric Environment Monitoring Satellite (AEMS)
(Li et al., 2022b; Meng et al., 2022; Han et al., 2018), also known as
Daqi-1(DQ-1), was successfully launched on April 16, 2022. It operates
in a sun-synchronous orbit, with a 705 km orbital altitude, a ~13:30
local overpass time, a 98.2° inclination, and a 16 days revisit rate. This
platform is equipped with 5 instruments, including the Aerosol and
Carbon Detection Lidar (ACDL) (Ke et al., 2022; Cao et al., 2022), the
Particulate Observing Scanning Polarimeter (POSP) (Li et al., 2022a),
the Directional Polarimetric Camera (DPC) (Li et al., 2018), the Envi-
ronment Monitoring Instrument (EMI) (Zhang et al., 2020), and a wide
field imaging spectrometer. ACDL, developed by the Shanghai Institute
of Optics and Fine Mechanics, is the first spaceborne integrated-path
differential absorption (IPDA) lidar system. As a prototype of the space-
borne IPDA lidar system, some airborne campaigns were conducted to
test the instruments as well as the retrieval algorithms (Xiang et al.,
2021). ACDL is expected to improve our understanding of the global
distribution of carbon sources and sinks, especially at high latitudes,
cloudy areas, and nighttime for supplementation. The conventional
IPDA lidar algorithm takes the ratio of the measured CO, differential
optical depth and the integrated weighting function (IWF) as the
retrieval result (Refaat et al., 2016). However, note that this retrieval
result cannot be directly verified using the TCCON due to the definition
difference, which weights CO, concentration by IWF, rather than by
the total number of dry air molecules. In this work, the definition of
Xco, follows that of TCCON and is used to express the ratio of the

number of CO, molecules to the total number of air molecules in the
dry air column. To distinguish between the two, we use IWF-X, to
denote the retrieval results obtained by the conventional lidar method.
In addition, the IWF-X(, of a single pulse is hard to be used directly
due to measurement errors. Previous studies have often obtained the
average IWF-X(, by averaging over 30 s or longer.

Here, we develop a retrieval algorithm for AEMS based on the
Bayesian optimal estimation (OE) and provide a general framework for
similar atmospheric gas measurements. Unlike the least squares solu-
tion to the well-posed problem, Bayesian optimal estimation utilizes the
informative prior covariance matrix to regularize the ill-posed problem,
as described by Rodgers (2000). In addition to the constraints on the
state vector by the diagonal elements of the prior covariance matrix
(S,), we configure non-diagonal elements considering the character-
istics of a well-mixed GHG s concentration in practice. The S, with
such a structure can effectively avoid unphysical large wiggles in the
posterior vertical profile and adjacent horizontal concentrations. And
our definition of retrieved X, is consistent with that of the passive
trace-gas column measurements (e.g., TCCON Wunch et al., 2011, OCO-
2 Wunch et al., 2017, GOSAT Yokota et al., 2009, Tansat Yang et al.,
2018, MethaneSAT Wofsy and Hamburg, 2019 and MethaneAlIR Stae-
bell et al., 2021). The paper is organized as follows. Section 2 describes
the measurement principle of the IPDA lidar system and the instrument
parameters. In Section 3, we introduce the retrieval algorithm proposed
in this work in detail, as well as the error analysis involved in the
subsequent experiments. In Section 4, we utilize observing system sim-
ulation experiments (OSSEs) to compare multiple retrieval strategies in
different scenarios. In Section 5, this algorithm is applied to an airborne
experiment of this IPDA lidar system. Section 6 describes the limitations
and potential applications of the work. We then summarize the whole
study in Section 7. This work is motivated by AEMS but is generally
applicable to any column concentration retrieval of atmospheric trace
gases.

2. Experimental setup

The schematic of IPDA lidar system is shown in Fig. 1. The main
principle of IPDA lidar system is to measure the CO, differential ab-
sorption optical depth (DAOD) by using the difference in laser signal
between the CO, central absorption line (on-line) and the absorption
wing reference line (off-line) (Han et al., 2017a). The absorption cross-
section of CO, molecules is large for on-line wavelengths and small
for off-line wavelengths. Due to the small difference between on-
line and off-line wavelengths, the interferences of aerosols and other
gases are eliminated by the differential technique (Han et al., 2017a),
which is one of the advantages of IPDA lidar system over the passive
observation. Thus, it can be assumed that DAOD is caused only by CO,
absorption in the column.

The main parameters of the airborne and spaceborne ACDL systems
are listed in Table 1.

The photographs of the IPDA lidar system in the airborne experi-
ment are shown in Fig. 2.

3. Method
Fig. 3 shows an overview of the retrieval algorithm for IPDA lidar

system. Pre-processing includes processing of raw lidar data, calcula-
tion of optical range, estimation of signal-to-noise ratio (SNR), cloud
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Fig. 1. Schematic of the 1.57-pm IPDA lidar measurements of the CO, DAOD.

Fig. 2. Photographs of the IPDA lidar system onboard Yun-8 aircraft.

Table 1
The main parameters of the airborne and spaceborne ACDL systems.

Parameters Airborne value Spaceborne value
Online wavelength 1572.024 nm 1572.024 nm
Offline wavelength 1572.085 nm 1572.085 nm
Pulse energy 6/3 (on/off) mJ 75 mJ

Pulse length (on/off) 17 ns 15 ns

Pulse separation 200 ps 200 ps
Repetition frequency 30 Hz 20 Hz

Pulse spectral linewidth (OPA) 30 MHz 50 MHz
Receiver optical efficiency 38% 52%
Telescope diameter 150 mm 1m

Field of view 1 mrad 0.2 mrad
Dark current (noise equivalent power) 64 fw/\/ﬁ 64 fw/\/Hz
Optical filter bandwidth 0.45 nm 0.45 nm

identification, interpolation of meteorological data, and construction of
prior state vectors. Spatial correlation matrix can be constructed based
on location, reanalysis data, and practical considerations. Further the
S, matrix is constructed and fed into the forward model. The forward
model and the retrieval strategy are described in detail in the next
section.

3.1. Forward model

DAOD Ar measured by IPDA lidar at a fixed altitude R, is given
by (Refaat et al., 2016)

P (Ao Ra) - 1 (Aot ) /E (Aogr) } &)

AT (Agps Aofs Ry ) =1n
(On of f A) { P(AOWRA)'I(/%O“)/E(AO“)
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where P is received power (in watts) at wavelength 4, ¢ is the effective
pulse width of the return pulse at 4, and E is the transmitted laser
energy at A.

In addition, Az can be modeled integrally by Eq. (2) (Refaat et al.,
2016)

AT (Agps A 8 (2)

offs Ra) = 2/0 20 U dtt) M(F)Nd,y(r)dr
R 106

where 4o is the CO, differential cross section for the A, and A
wavelengths, u(r) is CO, dry-air volume mixing ratio (VMR) in parts
per million (ppm) at altitude r, and Ny, (r) is the total molecular
number density of dry air (in m~3) at altitude . The CO, absorption
cross section varies with pressure and temperature. The simulated
absorption cross sections at different altitudes is shown in Fig. 4, which
are calculated by HAPI tool (Kochanov et al., 2016) and based on the
HITRAN database (Rothman et al., 2009). The atmospheric column
is usually divided into n layers from the surface to the observation
position due to the nonlinear absorption cross section with respect
to temperature and pressure. The interpolated cross sections at the
center of each sub-layer are used to calculate the respective optical
depths, which are then summed to obtain the total optical depth of
atmospheric column. Similar to the Atmospheric CO, Observations
from Space (ACOS) CO, retrieval algorithm (O’Dell et al., 2012), it is
assumed that the CO, concentration at the center of the sublayer, varies
linearly with pressure.

The forward model F described in Eq. (3) can relate the state vector
x to the observation vector y,

A

y=F(Xx) +e, 3

where y is the measured DAOD provided by IPDA lidar system, x is CO,
mixing ratio profile, and e is assumed to be zero-mean, white Gaussian
noise, which includes contributions from both the forward model error
and the instrument error (Hou et al., 2016, 2020). Unlike passive
remote sensing instruments, IPDA lidar systems rely on simple physical
principles to derive the CO, abundance from the DAOD. The effects of
aerosols and thin clouds are generally negligible (Han et al., 2017b).
Therefore, we only considered the instrument error in this work for
simplicity. For single soundings measurement, the dimensionality of
the state vector is the number of air layers. For multiple soundings
measurement, multiple profiles are retrieved simultaneously and the
dimensionality of the state vector is the product of the number of
soundings and the number of air layers.

3.2. Retrieval strategy

The solution to the retrieval problem is to find the statistically opti-
mal x according to the given y. When sufficient observation information
is available, the closed solution of the state vector can be obtained
by the least squares method (Sun et al., 2021; Wunch et al., 2010),
which is considered as a well-posed problem. When the observation
information is not sufficient, the number of observed equations is
smaller than the number of unknowns to be solved, which is considered
as a ill-posed problem. In the optimal estimation algorithm as described
in Rodgers (2000), the ill-posed problem can be solved by assuming a
informative prior (Zeng et al., 2021; Zhou et al., 2019) or reducting
dimensions (Ramanathan et al., 2018; Kulawik et al., 2017).

According to Bayes’ theorem, the posterior probability density func-
tion (PDF) of the state vector x is given by

P(x | y) < P(y | x)P(x), C)

where P(x) is the prior PDF of state vector and P(y | x) is the condi-
tional PDF of observation vector given the true state vector. Assuming
P(y | x) and P(x) follow Gaussian distributions, posterior PDF can be
given by

P(x|y) « exp{—%(x - xa)TSa_I(x - Xg)
1 e )
_E(y - F(x)" S5 (y—F()},
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Fig. 4. Simulation of the CO, absorption cross section at 4,, and A, at different
altitudes. The parameters of spectral lines are obtained from the HITRAN database and
convolved with a Voigt profile. Values are for the US Standard Atmosphere (Anderson
et al., 1986).

where x, is the prior state vector, S, is the error covariance matrix
of the a priori state vector and .S, is the error covariance matrix of
the observation vector. Eq. (6) gives the general solution for the maxi-
mum a posteriori (MAP) which is regarded as regularized a maximum
likelihood estimate (MLE).

x, =x,+G(y—Kx,) (6)

where K is Jacobian of the state vector with respect to the measurement
vector (K = %), also known as the weighting function matrix. G is the
gain matrix, given by

ox T o1 1yl T oot
G=a—y=(K Sk +871) 7 KTS, )
The averaging kernel matrix A is given by
ox,
A=—-—L=GK (8
ox

A;; describing the derivative of the retrieved state x, at the ith level
to the true state x at the jth level. The degree of freedom (DOF) of
signal (Bowman et al., 2006) can be given by the trace of matrix A
(DOF's = tr(A)). Substituting Eq. (3) into Eq. (6) and using Jacobian to
expand F(x), we obtain

X, =X, + A(x — x,) + Ge. )

Intuitively, the retrieved x, is not a straightforward estimate of

the true state, but an estimate of a state smoothed by the averaging

kernel. Nevertheless, the retrieval is sufficient to constraint the CO,
flux for the further study. It is critical to simulate the x, obtained
by AEMS for a given CO, profile. The relationship between X, and
flux can be established by simulating true CO, profile in Eq. (9) with
flux. The relationship between CO, profile and flux can be established
by atmospheric transport model like Atmospheric Chemistry Model
from Goddard Earth Observing System (GEOS-CHEM) for continental
scale (Zhang et al., 2021; Shen et al., 2022), Community Multiscale
Air Quality (CMAQ) model for national scale (Villalobos et al., 2020)
and Stochastic Time-Inverted Lagrangian Transport Model (STILT) for
megacity scale (Wu et al., 2018; Ye et al., 2020).

Ignoring the measurement error and multiplying both sides by
pressure weighting function A’ in Eq. (9), we obtain

XCo, = XCo, +h Ay = x,) (10)

where n is the number of atmospheric layers, & is pressure weighting
function and x,, is the simulated CO, profile. Details about 4 can be
found in O’Dell et al. (2012). The adoption of averaging kernel matrix
and prior state can remove the dependence of the x, on the x, and
allows for the further flux-inversion studies.

3.3. Error analysis

The retrieval error is the difference between the retrieved x, and
the true state.
Sx=x,—x an
Substituting Eq. (9) into Eq. (11) gives
6x = (I — A)(x — x,) + Ge. 12)

where I is an identity matrix. Then we derive the total error or a
posteriori covariance matrix from these two sources as

+ GS,GT 13)
——

Instrument Error

S, =I-AS,d - AT
N ——

Smoothing Error

Recasting,
s, = (KTsg'k+s71)7". as

S, can be characterized with the uncertainties of the a priori state
and the instrument noise (Kuai et al., 2016). The percentage uncer-
tainty reduction is a good indicator to assess the potential of observa-
tions to constrain the CO, profile, which can be obtained (Villalobos
et al., 2020), as follows:

Op
U=(1--L)x100%, (15)

a
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Fig. 5. A typical priori CO, error correlation matrix. The white numbers on the
diagonal line represent the square root of diagonal elements of .S,. The colors indicate
the error correlation between CO, concentrations at different layers, arranged TOA to
surface from top to bottom and right to left.

where ¢, and o, are the square roots of the diagonal elements of S,

and S, respectively, that is the standard deviation of the prior and

posterior. According to the definition of & (X¢o, = h"x), the error
. . PR

variance of retrieved X, co, 1s give by

2, =h'S,h. (16

[
»
Xco,

3.4. A priori constraints

CO, is a well-mixed gas vertically and horizontally in the tropo-
sphere due to its long enough lifetime. Measurements of CO, VMR show
variations of up to 30% near the surface, and these variations decrease
rapidly with increasing height (Griffith et al., 2002). The record of CO,
observations clearly shows that CO, spreads very evenly throughout
the global atmosphere. The prior CO, profile can be obtained from
model climatology, which is considered accurate unless influenced by
upstream sources (sinks). For instance, CO, concentration in the plan-
etary boundary layer varies by a few tens of ppm, or even several tens,
depending on the vertical and horizontal distance of the observation
point from the emission sources (e.g., the coal-fired power plant and
densely populated industrialized city) (Yang et al., 2023). Following
some previous studies (Baker et al., 2022; Kunik et al., 2019; Lauvaux
et al., 2016), the error correlation is considered to decay exponentially
with distance in the vertical direction. The special features are the
decreasing correlation length with increasing height and the lack of
correlation between the stratosphere and troposphere, which is due
to the characteristics of the vertical motion of the atmosphere (O’Dell
et al,, 2012). In principle, the calculation of the correlation length
requires a true concentration distribution. Thus, the correlation length
is chosen mostly based on practical considerations. Here we set the
vertical correlation length near the surface to 5 km. The 1¢ priori error
is set slightly larger in order to give adequate freedom to the retrieval to
yield a posteriori profile that may deviate more from the prior profile.
Details of how correlations are obtained in single sounding and multiple
soundings are presented in Appendix A.

A typical correlation matrix and the diagonal elements of S, are
shown in Fig. 5. In the simulation experiments, each atmospheric
layer is subdivided into 20 sublayers equally in pressure. The largest
concentration uncertainty occur in the near-surface layer, because the
flux-induced concentration enhancement has the largest effect on this
layer. Moreover, this enhancement becomes progressively weaker with
increasing altitude up to the top of the troposphere. Mathematically,
this is described as a positive correlation between adjacent layers.

Atmospheric Environment 309 (2023) 119933

Table 2
Description of single sounding and multiple soundings.

Single sounding Multiple soundings

Number of layers 20 20

Number of columns 1 5

Dimension of x, 20 100

Purpose Vertical correlation Horizontal correlation

3.5. WRF-STILT

To obtain a more realistic concentration for the “emission scenario”
of OSSEs, we use the Weather Research and Forecasting-Stochastic
Time Inverted Lagrangian Transport (WRF-STILT) model to simulate
concentration enhancement caused by anthropogenic carbon emissions.
STILT (Lin et al., 2003) is an atmospheric transport model based on
Lagrangian random wander theory, which uses footprint weights to
quantify the sensitivity of the concentration at the observation location
to the upstream source (sink). The specific principle is that by releasing
a large number of air particles at the observation location and simulat-
ing the backward trajectory of these particles, the quantitative footprint
value is determined by the total number of particles below the surface
layer height and the residence time of each particle (Wu et al., 2018).
The WRF model (Skamarock et al., 2019) is used to provide high spatial
and temporal resolution meteorological fields to the STILT model,
mainly including 2-D wind speed, air pressure, relative humidity, air
density, etc. for different simulated layer heights (Liu et al., 2023).

The model uses an 1 x 1 km? meteorological calculations and
urban carbon fluxes from Emissions Database for Global Atmospheric
Research (EDGAR). Hourly WREF fields contain 51 vertical levels with
boundary conditions from 6 h 0.5° x 0.5° NCEP final operational global
analysis data. The main physical module setup for the WRF operation
is similar to the previous study (Ye et al., 2020). For the STILT simula-
tions, 1000 particles are released and transported backward for up to 7
days with a temporal resolution of 1 h. We simulated the concentration
enhancement downwind of a typical city in the afternoon of December
29, 2014. The vertical distance of the city from the overpass is about
60 km.

4. OSSEs

In the OSSEs, we designed single sounding experiment and multiple
soundings experiment to illustrate the contribution of vertical and
horizontal correlation, respectively. Specifically, the number of layers,
the number of columns and the dimension of x, in these two sets of
experiments are shown in Table 2.

4.1. Single sounding

Here we investigate the vertical correlation with a simulated the
single pulse measurement in two different scenarios, affected (in the
plume) and unaffected (out of the plume) by emissions. The plume
is simulated by WRF-STILT model and the simulated CO, profile in
the plume is shown in Fig. 6(b). The large enhancement (20 ppm) is
mainly below the boundary layer height compared to the background
concentration. Correspondingly, we assume the true CO, profiles (black
lines in Fig. 6), temperature and pressure profiles for two scenarios.
Further, pseudo-measurements are generated with 3% instrument noise
using the forward model described in Section 3.1. We selected a set
of pseudo-observations to demonstrate the smoothness imposed by the
vertical correlation structure on the a posteriori profiles. The main
results are shown in Figs. 6-8.

Fig. 6 indicates that retrievals that take into account vertical cor-
relation perform better by comparing with the true profiles, whether
out of the plume (Fig. 6(a)) or in the plume (Fig. 6(b)). The same
diagonal elements are used in the S, of both strategies, whereas the
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non-diagonal element of S, without considering vertical correlation
is zero, which assumes that the errors between different layers are
uncorrelated. As shown in Fig. 6(a), the posterior profile is closer to the
true than the prior, as is the X¢,. The retrieval without considering
the vertical correlation is inadequate for the adjustment of the prior
profile, mainly focusing on the near-surface with large prior errors and
large differential absorption cross section. The same phenomenon is
also shown in Fig. 6(b). And in this case, although the posterior is
better than the prior, it is not optimized enough for the enhancement
of near-surface concentrations. Similarly, the technique of imposing
smoothness by defining correlations between the elements of the profile
was applied in some previous studies (O’Dell et al., 2012; Kuai et al.,
2016; Bowman et al., 2006).

Fig. 7 demonstrates the column averaging kernels for 4 cases.
They have similar vertical structures, with maximum values near the
surface and decreasing then increasing with increasing height at the
troposphere. The column averaging kernels with vertical correlation
considered are significantly higher than that not considered. The DOF
was 0.986, 0.932, 0.9989, 0.9956 for the four cases, respectively. In
the same scenario, the DOF with vertical correlation considered is
smaller than the one without. This is due to the fact that more priori
information is provided when the measurement is unchanged.

Fig. 8 shows the uncertainty reduction for 4 cases. There is a
significant improvement in the uncertainty reduction of the retrieval
considering the vertical correlation. The retrievals that do not take
into account vertical correlation reduce the uncertainty only near the
surface. The retrievals that take into account vertical correlation reduce
the uncertainty across the column except in the stratosphere.

Note that although in principle the OE algorithm has the ability to
obtain an a posteriori profile, the concentration of a layer alone cannot
be used directly because it is not an independent observation. In other
words, when using the satellite retrieval results to constrain the flux, we
must use X 207 (or x,) accompanied with a priori profile and averaging
kernel matrix to provide an independent assessment.

Due to instrument noise, the retrieval results of single sounding
sometimes bring the false optimization. This random error can be
eliminated by the scheme of averaging Ar or averaging signals before
log (Zhu et al., 2020). Next section we introduce a error covariance
structure with horizontal correlation to addresses this issue.

4.2. Multiple soundings

We assume a set of true CO, profiles as “no emission scenario”. Fur-
ther, we simulate the enhanced CO, profiles using WRF-STILT model
as “emission scenario”. The true profile is about 10 to 20 ppm higher
than the true profile near the surface due to the flux influence. For pre-
sentation purposes, we have selected only the five adjacent soundings.
The error covariance matrices (S,; an 100 x 100 matrix) consider-
ing vertical correlation (a) and not considering vertical correlation
(b) are shown in Fig. 9. The mathematical expressions are shown in
Appendix B. The submatrix from the lower left to the upper right corner
represents sounding 1 to 5, respectively. The diagonal elements of the
lower left submatrix represent the ground to the top of the atmosphere
from the bottom to the top, respectively. Based on the conclusions
of the previous section, vertical correlation is all considered in this
section. The horizontal error correlation is considered to decay expo-
nentially with distance. Here we set the horizontal correlation length to
10 km. We assume that measurement correlations (off-diagonal values
of Sy) are zero because the pulses are regarded independent of each
other.

The retrieval results are shown in Figs. 10 and 11. For the “no emis-
sion scenario” (left column), retrievals that do not take into account
the horizontal correlation are likely to misadjust, like (a) and (d). A
posteriori profiles (green lines) are worse than a priori profiles (red
lines) by comparing the true profiles (black lines). Oppositely, retrievals
(blue lines) that take into account the horizontal correlation can avoid
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profiles, prior profiles, posterior profiles under vertical correlation (VC), and a posterior
profiles without VC, respectively. The prior profiles in (a) and (b) are the same.
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Fig. 7. Column averaging kernel for the single sounding. For case 1, not considering
vertical correlation out of the plume. For case 2, considering vertical correlation out
of the plume. For case 3, not considering vertical correlation in the plume. For case 4,
considering vertical correlation in the plume.

this unexpected phenomenon. Fig. 11(a) also demonstrates the small
variation of the posterior X. go considering the horizontal correlation.
For the “emission scenario” (right column), retrieved posterior pro-
files (blue lines) considering the horizontal correlation have better
optimization. And most importantly, it can detect the changing gra-
dient of the concentration at five locations, as also demonstrated by
Fig. 11(b). The true X co, Was highest at the fourth sounding, which was
less than 1 ppm higher than the others. The same trends can be seen
in the posterior profiles (blue line) considering horizontal correlation
Although the true X, is always higher than the a posteriori X, CO , this
does not affect the inversion of the fluxes. This is because this “bias”
will be eliminated when extracting the concentration enhancement by
subtracting the background concentration. In addition, it is normal for
the true concentration enhancement to be larger than the a posteriori
concentration enhancement due to the average kernel being less than
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Fig. 9. The prior error covariance .S, structure considering horizontal correlation (HC)
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1. It is worth mentioning that the extraction of relative changes in
concentration is essential for the emission detection and flux inversion.
A very small error in the posteriori X, can lead to a huge error in
flux inversion.

In the “no emissions scenario”, the DOF without considering the
horizontal correlation and with considering the horizontal correlation
are 4.937 and 4.931, respectively. In the “emissions scenario”, the DOF
without considering the horizontal correlation and with considering the
horizontal correlation are 4.957 and 4.953, respectively.

Conventional retrieve method of IPDA lidar (Shi et al., 2021a; Han
etal., 2017b) can only obtain IWF-Xc, (purple line in Fig. 11) without
profile. Note that the definition of IWF-X, here is not the same as
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Fig. 10. Retrieved profiles for measurements of simulated multiple pulses. The left
((@)-(e)) and right ((j)-(i)) columns represent the “no-emissions scenario” and the
“emissions scenario”, respectively. The black, red, blue, and green lines represent the
true, a priori, a posteriori under horizontal correlation (HC), and a posteriori without
horizontal correlation profiles, respectively. The first to fifth rows represent each of
the five soundings. The a priori profiles in the left and the right are the same.

Xco, of TCCON (Wunch et al., 2011) due to the different weighting
function. IWF-X, does not express the CO, column-averaged volume
mixing ratio in the physical sense. Here we still compare the two Xc¢o,s
together in Fig. 11 in order to examine their relative changes. The
IWF-X(, fluctuations are very large due to instrument noise and the
absence of a priori information constraints, regardless of the scenario.
The averaging method is not suitable for measurements with a small
number of available pulses. However, the OE algorithm that we adopt
considering the horizontal correlation yields more stable and reliable
results.
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purple lines represent of the true, a priori, a posteriori under horizontal correlation,
a posteriori without horizontal correlation and IWF-derived X0, (Shi et al., 2021a),
respectively.

5. Airborne experiment

To elucidate the approach discribed in the previous sections, we
apply this retrieval algorithm to an airborne validation experiment on
March 14, 2019 over the Bohai Bay of China at 39.9° latitude and
119.6° longitude. This campaign is part of the AEMS. Main purpose
of this campaign is evaluating the performance of the CO,-IPDA li-
dar system produced by Shanghai Institute of Optics and Technology,
which is carried on board of a YUN-8 aircraft. The aircraft took off from
Shanhaiguan Airport, the flight altitude kept around 6.8 km, passing
through ocean area (OA), residential area (RA) and mountainous area
(MA), which covers multiple surface types of detection of AMES. In
addition, an AIMMS-20 sensor was equipped to collect meteorological
data, including temperature, humidity and pressure. GPS recorded
latitude, longitude, and altitude information. And a greenhouse gas
analyzer (LGR) recorded CO, concentrations at the flight altitude,
which was notably that LGR was calibrated before the field campaign,
using the standard concentration of CO, from 380 to 450 ppm. The data
collected in range of 11:15:39 to 11:39:24 in local time was chosen for
further analysis.

The detailed parameters of airborne CO,-IPDA lidar system are
shown in Table 1, on-line and off-line wavelength pulse would be
formed through OPO laser unit with high stability. During the flight,
the reflected signal from hard target through InGaAs photodiode (PD)
detects to generate voltage signal, then, the light length (L) could be
calculated by the speed of light and the propagation time of pulses.
The difference between the GPS altitude and the ground altitude is
used as the flight height (L 7 above ground level. The difference (d
= L, — L) between the light length and the flight height work as a
judgment. When d is larger than 2000 m, it is considered as potential
of the existence of clouds during the detected path, color CMOS camera
equipped by YUN-8 aircraft could help us to determine the clouds’
existence. Although we could retrieve the CO, concentration above
and below clouds by the presented method of Shi et al. (2021a), it
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Fig. 12. The 10 pressure levels over three areas are given by p,. u; is a corresponding
CO, VMR. The p, and p, line represent the flight altitude and ground elevation.

was special cases in future measurements of AEMS. Therefore, the data
for the presence of clouds are removed and not considered in this
section. In addition, data with roll angle greater than 2 degrees were
also excluded. The signals whose d is less than 50 m is selected to
the validation experiment. DAOD was retrieved uses the integration
method of the intensity of the pulse-echo signal, calculated by Eq. (1).
Ideally, CO, distribution above ocean surface is stable, hence, the
relative error (RE) of IPDA lidar system in this campaign is defined
based on 600 pulses above ocean. See formula

1 N NAN D
) V% ZX,(DAOD, - DAOD)

RE , a7

DAOD

where DAOD;(i = 1,2,3..600) is the DAOD value calculated from
the ith 4,, and 4,;, pulse pairs DAOD is the average DAOD of se-
lected 600 pulse pairs. We divide the atmosphere under the flight
altitude into 10 layers with equal pressure, as shown in Fig. 12. The
temperature, pressure and specific humidity at different altitudes are
extracted from European Centre for Medium-Range Weather Forecast-
ing (ECWMF) model forecast fields, which is used for ACOS CO,
retrieval algorithm (O’Dell et al., 2012). The results of interpolation
are shown in Fig. 13. The a priori CO, profile is provided by Carbon
Tracker model, which is used for GFIT3 retrieval algorithm (Zeng et al.,
2021). Similarly, vertical and horizontal correlations are applied in
this section. The difference is that the airborne adjacent pulses have
a shorter distance in space compared to the long distance between
the footprint of the satellite. The error correlation is stronger for the
concentrations of airborne-based adjacent detections. Thus, a larger
horizontal correlation length was used in the retrieval of the airborne
data. In addition, all soundings use the same a priori profile. And
different soundings are considered to be uncorrelated with each other.
We obtained the instrument noise by solving the standard deviation of
a small piece of DAOD.

To reduce the computational cost of solving the inverse, we retrieve
every 500 soundings as a group. A typical DOF for a group retrieval is
172.8. Fig. 14 demonstrates three typical retrievals over OA, RA and
MA. Based on the structure of prior error covariance and observations,
vertical information is revealed in principle. The profile over residential
area is enhanced near surface due to human activities. In contrast, near-
surface concentrations over OA and MA show a decrease compared to
the a priori profile due to oceanic and ecological carbon sinks. And the
reduction decreases with increasing height.

Figs. 15 and 16 shows the retrieved X, variations in spatial and
temporal terms. First, it is quite intuitive to see that the residential
area has significantly higher X, than the other two. This is consistent
with the past knowledge that plants and oceans (Shi et al., 2021a) are
considered as the main natural carbon sinks and cities as the main
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residential area (RA) and mountainous area (MA).

anthropogenic carbon sources. In addition, Fig. 16 shows the trend of
Xco, measured by the IPDA lidar system and the trend of the in-situ
measurement instrument. It is worth noting that the X¢o, measured
by the IPDA lidar system is a column-averaged concentration, which
is different from the concentration measured by the in-situ instrument
at aircraft altitude. Therefore, it is not reasonable to directly compare
these two measurements.

The large fluctuations of the initial DAOD will result in large
fluctuations of IWF-X (o, - Zhu et al. (2020) and Xiang et al. (2021)
adapted averaging approach to eliminate large fluctuations. Table 3
shows the comparison of the results between this work and Xiang et al.’
work. Although the averaging approach is a fast and effective way
to eliminate large fluctuations, this is based on the assumption that
the concentrations are the same. When there is spatial variation in
concentration, the averaging approach is hard to interpret. Therefore,
based on the spatial correlation of the concentration, the preliminary
results obtained by the OE algorithm coupled with spatial correlation
not only have small standard deviation, but also represent well the
gradients in the three regions. The mean value based on this work of
the X 202 over residential area is about 6 ppm higher than that over
the other two regions. Due to the low reflectivity of the ocean surface,
lidar obtains very weak echo signals in marine areas. The weak echo
signal received over the ocean causes large standard deviation (¢) in
the raw signal of DAOD and large fluctuations of Xgoz' Using this
relative change in concentration, the pressure weighting function and
the averaging kernel matrix, it is sufficient to perform the top-down
constraints on the carbon flux.
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Table 3
Comparison of retrieval results based on this work and conventional algorithm (Xiang
et al., 2021). The Results of Xiang et al. are smoothed with a 600-point moving
average.

Location Mean Standard deviation

This work  Xiang et al. ~ This work  Xiang et al.
Ocean area (OA) 417.88 411.05 3.7 9.76
Residential area (RA) 423.32 417.77 1.73 3.94
Mountainous area (MA) 417.32 410.72 2.42 3.88

6. Discussion
6.1. Bias in retrieved Xco,

All a priori configurations (e.g., atmospheric state and spectral pa-
rameters) may introduce errors into the retrieval. Consistent errors that
cannot be reduced by averaging are categorized as “bias” errors. Wunch
et al. (2017) pointed out that some biases due to systematic error can be
removed by bias correction and residual biases that may be associated
with surface properties but aerosol scattering still exist on a local scale,
by comparison with TCCON’s X, measurements. Fortunately, the
fixed biases of X, will keep the concentration gradient unchanged
and therefore will not affect the flux inversion (Ye et al., 2020).

Here we focus on the bias that the a priori CO, distribution may
introduce into the results. Generally, we expect more independent
information from the measurements by using as vague a priori infor-
mation as possible. However, the informative prior is necessary for
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the ill-posed problem without dimension reduction. Unlike the least
squares approach, Bayes’ law obtains the posterior not only from the
measurement but also from the prior. The a priori bias-prone CO,
profile may introduce unexpected bias into the a posteriori Xc,.
The effect of these biases on X, enhancement could be eliminated
with the subtraction of the biased background Xco, in a small spatial
area(~200-300 km). Therefore, the determination of the background
concentration plays an particularly important role in flux inversion.
Observation-based methods (e.g., statistical or Lagrangian methods Pei
et al., 2022) are suggested to generate the biased background X, to
get the unbiased concentration enhancement.

6.2. Active-passive collaborative retrieval

The active IPDA lidar system has two distinct advantages. First, it
is not affected by aerosols and thin clouds, and it can be eliminated
by differential. Compared with the complex radiative transfer model of
passive remote sensing, the forward model based on IPDA lidar system
facilitates us to solve the state vector. Although the ACOS algorithm
using full physics can give a rough estimate of AOD when the AOD
is less than 0.3. Active IPDA lidar system can undoubtedly improve
the data availability substantially. Second, passive remote sensing that
relies on reflected sunlight cannot provide observations at night, and
past space-based means cannot capture the day-night variation of
CO, concentration, which is particularly important for carbon sink
estimation (Kawa et al., 2010). In addition, DQ1-like satellites can also
be used for inversion of fluxes (Wang et al., 2014) and estimation
of point source emissions (Shi et al., 2021a). The error in Xo, is
significantly correlated with the error in surface pressure. The typical
surface pressure error of ECMWF is 2-3 hPa, which may be greater
at high latitudes and high terrain areas. The advantage of passive
remote sensing satellites (e.g., OCO-2) is that its Oxygen A-band is
dedicated to the precise retrieval of surface pressure. Salstein et al.
(2008). Furthermore, passive spectrometer offers the advantages of
wide coverage and low cost. Daqi-2(DQ-2), equipped with an CO,-
IPDA lidar system and a passive spectrometer (Cai et al., 2022), is
scheduled to be launched in 2025. Its products are expected to have
the advantages of both passive and active remote sensing.

6.3. Multi-wavelength lidar measurements

The X, retrieval algorithm described in this study is used for
the online and offline dual-wavelength IPDA lidar system. More wave-
lengths allow us to solve for more parameters (e.g., the Doppler shift
and water vapor content) in addition to CO, and help to reduce bias in
the X, retrieval. Although more wavelengths mean lower SNR due to
the total average laser output power is fixed. The available wavelengths
need to be chosen rationally based on the absorption lines of CO, and
other interfering gases (Shi et al., 2023). For example, the laser should
not be placed at a wavelength where the CO, absorption is so high
that the received signal is too low for the retrieval (Shi et al., 2020).
When the number of laser wavelengths is greater than the number of
unknowns to be solved, least squares method (non-Bayesian) could be
used without a priori information.

7. Conclusion

The retrieval algorithm proposed in this study for double-pulse IPDA
lidar measurements is based on a Bayesian framework to estimate the
Xco, by solving a constrained least squares problem. Regularization
terms related to vertical and horizontal correlation are used to impose
smoothing. OSSEs show that structure of prior error covariance play
an important role in vertical distribution from the observations. The
employment of vertical correlation is beneficial for the optimization
of posterior profile and uncertainty reduction over the whole column.
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Fig. 17. Two points in a two-dimensional space. i and j denote layers i and j in the
vertical direction. m and n denote columns m and n in the horizontal direction.

Horizontal correlation can be used to solve the problem of large pos-
terior concentration fluctuations on the flight path, which is preferable
especially when fewer effective detections are not enough to use the
averaging method.

These techniques were applied to an airborne experiment, the pre-
experiment of AEMS, near Bohai Bay, China, in March 2019. The echo
signals were successfully received by the airborne-based IPDA lidar sys-
tem. Compared with the conventional differential absorption ratioing
approach, the a posteriori CO, column-averaged mixing ratio obtained
in this study is able to detect concentration gradients without large
fluctuations. Enhanced CO, concentrations of 6 ppm approximately are
observed over the residential area.

Our future work will apply this retrieval algorithm to ACDL onboard
AEMS and compare the retrievals with in situ measurements, such as
TCCON or other passive remote sensing satellites.
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Appendix A. Error correlation coefficient

As shown in Fig. 17, the error correlation coefficient between point
1 and point 2 can be calculated by Eq. (18),

horizontal

vertical
p mn

P12 = Pjj 18)

where p;’.emcal the vertical correlation between the ith row and the jth
row and pmﬂm“tal the horizontal correlation between mth column and
nth column. The horizontal and vertical correlation can be expressed
based on exponential variogram:

d;;
Pij = €Xp A

where d,; is the distance between point i and point j, and L is the
correlation length.
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Appendix B. The prior error covariance matrix

Here we give the prior error covariance matrix mathematically.
Egs. (20) and (21) correspond to (a) and (b) of Fig. 9, respectively.

(P15 peS  pBS  pas g
p4  p24  pG4 S, PG4
piy  ped g pEd  pGI (20)
p.2) S, pB32  p@2)  pG2)
s, P@L  pGDL  p@h  pGD
[0 0 0 o0 s,
0 0 0 S, 0
0 0 S, 0 0 @D
0 s, 0 0 0
s, 0 0 0 0

where S,(20 x 20) is the error covariance matrix of a single sounding,
and P®Y(20 x 20) is the error covariance matrix of the xth sounding

and yth sounding. The ith row and jth column of S, ;) is o; " tical 0.
The ith row and jth column of P((I”J')") is ;- pi”j?’””’ - phorizontal . 5 where

pl.”?”"“” the vertical correlation efficient between xth and yth layers and
pi‘;,’iz“""” is the horizontal correlation efficient between mth and nth
soundings.
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