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Abstract.

Carbon dioxide (CO;) is one of the most important anthropogenic greenhouse gases in the atmosphere, and accurate
monitoring of CO, concentration is essential for carbon flux inversion and emission reduction policies. Spaceborne
integrated path differential absorption (IPDA) lidar enables day-and-night observations, high-latitude coverage, and reduced
sensitivity to clouds and aerosols, showing great potential for monitoring the column-averaged dry-air mole fraction of CO;
(XCO»). However, single-shot XCO, retrievals from spaceborne IPDA lidar generally have relatively large random errors,
and their along-track averaging is affected by surface conditions and data gaps. Based on 2023 DQ-1 spaceborne IPDA lidar
observations, this study calculated global single-shot XCO, random errors using the return-signal SNRs at the online and
offline wavelengths. The results show pronounced spatial heterogeneity in single-shot random errors. Larger errors occur
over water bodies, permanent snow and ice, and some complex land cover types, whereas day—night differences are
relatively weak. Combining MCD12C1 land cover data with random-error statistics, the global observation scenes were
classified into four surface random-error categories. Allan variance analysis of continuous observation segments suggests
averaging approximately 160, 200, 232, and 296 observations for the four categories, corresponding to typical along-track
scales of about 54, 67, 77, and 100 km. To address data gaps and along-track discontinuities, fixed-spatial-resolution and
random-error-threshold-controlled averaging strategies were compared. The fixed-spatial-resolution strategy maintains more
stable spatial representativeness and is more suitable as the default averaging option, whereas the threshold-controlled
strategy improves error consistency but may substantially expand the averaging window. For land—sea boundaries and other

rapid surface-transition regions, a boundary mixed dynamic averaging strategy was further proposed, with surface-category
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fractions recommended as quality indicators. These results support random-error evaluation and averaging-strategy design

for spaceborne IPDA lidar XCO; products.

1 Introduction

Carbon dioxide (CO,) is one of the most important anthropogenic greenhouse gases in the atmosphere, accounting for
approximately 64 % of the total radiative forcing from long-lived greenhouse gases (World Meteorological Organization,
2023). The additional radiative forcing caused by CO; in the Earth system has not only contributed to an increase in the
global mean surface temperature by approximately 0.8 °C but has also affected many weather and climate extremes
worldwide, posing adverse impacts on human activities and the Earth system (IPCC, 2023). The international community
has promoted actions to reduce anthropogenic CO; emissions through treaties such as the Kyoto Protocol and the Paris
Agreement (United Nations, 1998; UNFCCC, 2015). Nevertheless, the formulation and implementation of emission
reduction policies still require accurate global CO, monitoring data as support (United Nations, 1998; UNFCCC, 2015;
Nisbet and Weiss, 2010).

In recent years, satellite observations of the column-averaged dry-air mole fraction of CO, (XCO;) have been widely used
for carbon monitoring and carbon emission inversion, especially in regions where ground-based observations are sparse or
unavailable (Duren and Miller, 2012). Passive remote sensing instruments, represented by OCO-2/3, GOSAT, and TanSat,
achieved on-orbit observations relatively early and have promoted the continuous development of XCO; retrieval algorithms
(O'Dell et al., 2018; Noél et al., 2022; Liu et al., 2018). These instruments retrieve XCO; by using solar radiation reflected
by the surface and have demonstrated high single-sounding retrieval precision under typical observing conditions, providing
an important data basis for global carbon emission monitoring (Taylor et al., 2023; Fang et al., 2023). However, owing to
their dependence on sunlight, passive remote sensing instruments have limited observing capability under conditions such as
high latitudes, aerosol pollution, cloud contamination, and nighttime, making it difficult to provide high-precision XCO>
observations in these scenarios.

Compared with passive remote sensing, spaceborne Integrated Path Differential Absorption (IPDA) lidar is an active remote
sensing technique that can provide stable XCO, observations under both daytime and nighttime conditions. It is also
relatively less sensitive to solar radiation and aerosol effects, and therefore provides an important complementary capability
for XCO» monitoring (Fan et al., 2024). However, previous airborne and spaceborne IPDA lidar studies have shown that
single-shot XCO retrievals generally have relatively large random errors and require along-track averaging to reduce the
observational uncertainty to a usable level (Tellier et al., 2018). For example, airborne observations related to ASCENDS
showed that a multi-wavelength IPDA lidar system for CO, column measurements required a pulse accumulation time of 1 s
to achieve an XCO; precision of approximately 1 ppm (Abshire et al., 2018). Airborne payload experiments related to A-
SCOPE also showed that the random error of averaged XCO; retrievals could be reduced to below 1 ppm with an averaging

window of approximately 10 s (Amediek et al., 2009, 2017). Existing validation studies of the DQ-1 Aerosol and Carbon
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Detection Lidar (ACDL), which includes a spaceborne IPDA lidar for XCO, measurements, used a sliding averaging
window of 296 along-track observations for comparison with TCCON measurements (Fan et al., 2024). It should be noted
that averaging is not a simple accumulation of observations; its performance depends not only on the random error of
individual retrievals but also on the distribution of valid observations and the spatial scale of the averaging window.
Therefore, for spaceborne IPDA lidar that has already obtained real on-orbit observations, quantitatively evaluating the
random error of single-shot XCO; retrievals and further developing an averaging strategy suitable for data gaps and
transitions between surface types remain key issues affecting the accuracy and usability of XCO, products.

Previous studies have investigated the evaluation of random errors and the averaging of spaceborne IPDA lidar XCO;
retrievals from different perspectives. Ehret et al. (2008) proposed a method for estimating the random error of spaceborne
IPDA lidar XCO; retrievals from the signal-to-noise ratio of the observations. By applying this method in simulation
experiments, they estimated that the XCO, error for a spaceborne IPDA lidar operating near 1.6 um is approximately 0.2 %,
corresponding to an absolute random error of 0.84 ppm at an along-track spatial resolution of 50 km and a mean CO;
concentration of 420 ppm. Tellier et al. (2018) investigated in detail the bias introduced by the averaging of spaceborne
IPDA lidar observations and pointed out that the AVX scheme, i.e. direct averaging of XCO,, is affected by statistical bias
induced by noise nonlinearity and by concentration averaging bias. Cao et al. (2024) analyzed the number of averaged
ACDL observations over typical land regions using simulation experiments and Allan variance analysis, and indicated that
the optimal averaging window length for ACDL is 50 km, corresponding to approximately 150 observations. Yang et al.
(2019) and Zhu et al. (2021) simulated the random errors of ACDL observations over land and ocean using MODIS surface
reflectance and aerosol optical depth products. In their averaging scheme, 148 observations were averaged over land and 296
observations were averaged over ocean, and the results showed that the ACDL random error was largest in boreal spring,
reaching 0.88 ppm. Wang et al. (2020) further estimated the global random error of XCO, retrievals using CALIOP cloud
and aerosol optical depth data, together with sea-surface wind speed data to improve the simulation of sea-surface
reflectance. After averaging 148 observations over land and 296 observations over ocean, 61.24 % of the global area had a
relative random error below 0.25 %, corresponding to an absolute random error of approximately 1 ppm.

Overall, previous studies have laid the foundation for the evaluation of random errors and the averaging of spaceborne IPDA
lidar XCO retrievals, but systematic analyses based on real on-orbit ACDL observations remain insufficient. On the one
hand, most existing studies are based on simulation experiments or case studies over typical regions, and the dependence of
the random error of single-shot retrievals on surface cover type and daytime or nighttime observing conditions has not been
sufficiently characterized. On the other hand, existing recommendations for the number of averaged observations are usually
based on relatively continuous observations and relatively homogeneous underlying surfaces. They do not fully account for
data gaps caused by cloud screening, weak signals, and the removal of abnormal returns. In particular, for regions with rapid
transitions in surface type, such as land—sea boundaries, a stable averaging strategy suitable for XCO, data product
applications is still lacking. Therefore, it is important to evaluate random errors and investigate averaging strategies based on

real ACDL observations.
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To support the scientific application of spaceborne IPDA lidar XCO, data products, this study focuses on the evaluation of
random errors in XCO; retrievals and the optimization of averaging strategies. Section 2 introduces the observation and
retrieval principles of XCO, the method for estimating random errors, and the Allan variance analysis approach. Section 3
evaluates the random errors of single-shot XCO; retrievals based on observations, analyzes their dependence on surface type
and daytime or nighttime observing conditions, and determines the number of averaged observations using Allan variance
analysis. Section 4 compares different averaging strategies and proposes an optimized method for regions with rapid
transitions in surface type, such as land—sea boundaries. Section 5 discusses the differences between observation-based and
simulation-based random error studies, as well as the discrepancy between the Allan standard deviation and the theoretical

random error.

2 Principle and methods
2.1 Spaceborne IPDA lidar XCO: observation and retrieval principle

Spaceborne IPDA lidar alternately transmits two laser pulses with nearby wavelengths in the vicinity of a CO, absorption
line. By exploiting the difference in CO; absorption between the online and offline wavelengths, the CO, differential
absorption optical depth is obtained from return signals reflected by hard targets, such as the Earth’s surface or cloud tops,
and is then used to retrieve XCO,. For a stable spaceborne IPDA lidar system, the time separation between a pair of online
and offline laser pulses is very short. Therefore, their footprints on the hard target nearly overlap, with a center-to-center
distance of only approximately 1.5 m. Assuming that the difference in surface reflectance between the two pulses can be
neglected, the one-way CO; differential absorption optical depth (DAOD) can be expressed as follows:

Poff ' Eon)

(1)
Bon Eoff

1
DAOD =E-ln<

where P is the received return energy, E is the transmitted pulse energy, and the subscripts on and off denote the online and
offline wavelengths, respectively.
The integrated weighting function (IWF) is calculated by assuming that all dry-air molecules along the laser propagation
path are CO; molecules, and represents the one-way optical depth corresponding to this assumption:
o f Ny () - 4000, (p(), 7))

Ry RT() (1 + Xppo ()

where N, denotes the Avogadro constant, p the atmospheric pressure, T the temperature, Aoq, the CO, differential

(@)

absorption cross section, R the ideal gas constant, and Xy, the water vapor mixing ratio.
The dry-air mixing ratio of CO, along the laser propagation path, XCO>, can then be obtained as the ratio of the one-way

CO; differential absorption optical depth (DAOD) to the integrated weighting function (IWF):

_ DAOD

XC0, = — 3)
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Figure 1. Schematic illustration of the observation principle of spaceborne IPDA lidar.
2.2 Error evaluation method for spaceborne IPDA lidar XCO: retrievals

To quantitatively evaluate the random errors of spaceborne IPDA lidar XCO; retrievals, this study estimates the random
error of single-shot retrievals from the signal-to-noise ratio of the return signals through error propagation, and calculates the
theoretical random error for different averaging windows. Allan variance analysis is further applied to continuous
observation segments to characterize the variation of XCO; retrieval errors with the number of averaged observations and to

determine the optimal averaging scale.

2.2.1 Random error evaluation method for XCO: retrievals based on the signal-to-noise ratio

Under ideal conditions, the random error of single-shot XCO, retrievals can be characterized by the dispersion of a
sufficiently large number of independent repeated observations. In practical spaceborne IPDA lidar observations, however, it
is difficult to obtain sufficient repeated measurements over the same surface target under identical atmospheric conditions.
Therefore, the random error of each single-shot XCO, retrieval cannot be directly estimated from repeated observations at a
single location. Based on existing error propagation theory for IPDA lidar (Ehret et al., 2008), this study estimates the
random error of each single-shot XCO; retrieval using the signal-to-noise ratios of the online and offline return signals.

According to Egs. (1) and (3), the XCO» and DAOD obtained from the ith observation can be expressed as

XCO. = DAOD; .
27w,
1 P...-E_ .
DAOD; == In (M) .
2 Pon,i ' Eoff,i

Assuming that the noise terms in the online and offline return signals and in the transmitted pulse energy measurements are

independent, the random error of XCO, can be derived by error propagation as
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1
Oxco,; = —ZIWFi \[Var(lnPoff,i) + Var(lnPon_i) + Var(lnEoff,i) + Var(lnEon‘i) (6)

Because the monitored transmitted pulses usually have high signal-to-noise ratios, their contribution to the random error of

XCOs is neglected. For return signals with sufficiently high signal-to-noise ratios, the first-order Taylor expansion gives

1
Var(lnP) = W (7)

Thus, the random error of the ith XCO; retrieval can be approximated as

off,i on,i

1 1 1
LR +
%02 ¥ J1WF, \/SNRZ SNRZ, ®)

For an averaging window containing N valid observations, if the random errors of individual observations are independent,

the random error of the averaged XCO; retrieval is

N
§ 2
~ Oxco,;
i=1 ’

When the random errors of the N observations within the averaging window are approximately equal, Eq. (9) can be

1
Oxcoy—ave — N

©))

simplified as

Oxco,

0xCco,-ave = W (10)
In the processing of spaceborne IPDA lidar observations, the signal-to-noise ratio is calculated as the ratio between the pulse
signal intensity P and the standard deviation of the noise segment. As shown in Fig. 2, after multi-peak identification, the
noise segment is selected from the part of the waveform before the return signal. Specifically, if X denotes the index of the

earliest detected pulse peak, the noise segment is taken from the initial waveform index to (X — 50).
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Figure 2. Schematic illustration of signal extraction and noise-segment identification for spaceborne IPDA lidar observations. The
red region denotes the noise segment, and the blue line denotes the mean value of the noise segment.
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2.2.2 Allan variance analysis for determining the number of averaged XCO: observations

According to Eq. (10), the random error of XCO, retrievals can be effectively reduced by averaging multiple observations,
mainly because independent random noise tends to cancel out during the averaging process. However, real spaceborne IPDA
lidar observations are affected not only by random errors but may also include correlated error components. Therefore, the

total error of averaged XCO; retrievals can be expressed as (Kulawik et al., 2019):

2

0,
_ random 2
Ototal = N + Ocorr (l l)

where 02, 4om represents the random error variance, and 02, represents the correlated error variance, including spatially

2
correlated systematic biases. As the number of averaged observations (N) increases, the term (Ura‘l‘\ld"m) gradually decreases,

whereas the correlated error does not decrease according to the (\/iﬁ) relationship. In addition, an excessively large averaging

window reduces the along-track spatial resolution of XCO, retrievals. Therefore, the number of averaged observations
should be selected by balancing error reduction against along-track spatial resolution.

Based on this consideration, Allan variance analysis is introduced to evaluate the overall error level of the XCO, observation
sequence under different numbers of averaged observations and to provide a basis for determining the averaging number
(Wagner and Plusquellic, 2016; Fix et al., 2017; Kawa et al., 2018). It should be noted that Eq. (11) usually requires
comparisons with high-precision ground-based XCO; observations to separate random and correlated error components. By
contrast, Allan variance analysis based on spaceborne IPDA lidar along-track observations does not directly separate these
error components. Therefore, the difference between the Allan standard deviation and the theoretical random error after
averaging should not be simply interpreted as the correlated error, because it may also include real along-track spatial
variations in XCOx.

For a continuous XCO» observation sequence (XCO3,XCOZ, ..., XCOY), let the averaging window length be (L). The mean

XCO, of the kth group is given by

1 xOkL .
XCoF(L) =7 Xcoj (12)

i=(k-1)L+1

where (k = 1,2,...,K), and (K = %) is the number of available groups. The Allan variance is defined as one half of the mean

squared difference between two adjacent group averages:

1 K-1
R = 5= D, HCOE W) ~ XCoF WP (13)

The corresponding Allan standard deviation is

1 K=t + 2
aa(L) = szkzl[)w%‘ Y(L) — XCOoz(L)] (14)
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Here, (g4(L)) describes the overall difference between adjacent averaged results when every (L) observations are averaged.

If (g4(L)) decreases approximately following (L_%) as (L) increases, the variability of the observation sequence is mainly
controlled by independent random errors, and increasing the averaging number can still effectively improve the stability of
the retrievals. When the decreasing trend of (g, (L)) becomes weaker, independent random errors are no longer the dominant
factor, and correlated errors or real spatial variations in XCO; begin to make a more significant contribution to the sequence

variability.

3 Random error and averaging-number analysis of spaceborne IPDA lidar XCO: retrievals
3.1 Random error of single-shot XCO: retrievals from spaceborne IPDA lidar

This section estimates the random error of single-shot XCO, retrievals from spaceborne IPDA lidar based on Eq. (8), and
analyzes its overall level and spatial distribution. To systematically characterize its variability and provide a basis for
determining the number of averaged observations and evaluating averaging strategies, the differences in single-shot random

errors among different surface cover types and between daytime and nighttime observations are further analyzed.

3.1.1 Global distribution of random errors in single-shot XCO: retrievals from spaceborne IPDA lidar

Based on the 2023 spaceborne IPDA lidar L2B data product, the signal-to-noise ratios of the online and offline return signals
were first extracted, and the random error of each single-shot XCO, retrieval was calculated using Eq. (8). To reduce the
influence of nonlinear statistical bias introduced by noise in the AVX scheme, an additional quality control step was applied
using a combined signal-to-noise ratio threshold for the online and offline returns. Cloud and surface observations were then
classified according to the difference between the footprint elevation from the spaceborne IPDA lidar and a high-resolution
digital elevation model, and cloud-top observations were excluded. To reduce the influence of a small number of extreme
values on the statistical results, the monthly random-error samples were filtered using the 5th-95th percentile range, and
only observations within this range were retained. Finally, all single-shot retrievals were projected onto a 0.5° x 0.5° global
grid to analyze the spatial distribution of random errors. To ensure basic representativeness of the gridded statistics, grid
cells with fewer than 300 valid observations during the year were excluded and set to NaN.

Using the method described above, the global distribution of annual mean random errors for single-shot XCO; retrievals
from spaceborne IPDA lidar in 2023 was obtained, as shown in Fig. 3. The single-shot random error exhibits pronounced
spatial heterogeneity, indicating that the retrieval precision is strongly affected by real observing conditions. In general,
random errors over most land regions are clearly lower than those over ocean, mainly because land surfaces usually provide
higher signal-to-noise ratios for the return signals. By contrast, ocean observations generally show larger random errors
because of the lower sea-surface reflectance, and their regional differences may be related to variations in sea-surface

reflectance caused by changes in wind speed (Wang et al., 2020). Large random errors are also found in high-latitude regions,
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especially over Antarctica and Greenland, which may be associated with the low surface reflectance of ice- and snow-
covered surfaces. The blank or sparse areas in Fig. 3 mainly reflect the effects of cloud contamination, weak-signal filtering,

and insufficient valid observations under strict quality-control criteria.

Global Distribution of Annual Average Random Error of XCO, (2023)

Latitude (°)

10

(wdd) 2pHx 0 10113 wopuey

-180 -120 -60 0 60 120 180
Longitude (°)

Figure 3. Global distribution of annual mean random errors for single-shot XCO: retrievals from spaceborne IPDA lidar in 2023.
3.1.2 Surface-type dependence of random errors in single-shot XCO: retrievals from spaceborne IPDA lidar

To examine the effect of surface cover on the random errors of single-shot XCO, retrievals, the MCDI12C1 land cover
product was used with the IGBP classification scheme. To match the 0.5° x 0.5° grid used for the random-error statistics, the
original 0.05° land cover data were resampled to 0.5° using the majority method, and the resulting global surface cover
distribution is shown in Fig. 4. The 2023 single-shot random-error estimates were then spatially matched with the resampled
land cover data and grouped by IGBP surface type. For each surface type, the mean random error was calculated to quantify

the influence of different underlying surfaces on spaceborne IPDA lidar XCO, retrieval precision, as shown in Fig. 5.
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MCD12C1 IGBP Land Cover Type

IGBP Legend
0: Water Bodies
1: Evergreen Needleleaf Forests
2: Evergreen Broadleaf Forests
3: Deciduous Needleleat Forests
4: Deciduous Broadleaf Forests
5: Mixed Forests
6: Closed Shrublands
7: Open Shrublands
8 Woody Savannas
9: Savannas
10: Grasslands
11: Permanent Wetlands
12: Croplands
B 13 Urban and Built-up Lands
14: Cropland/Nat. Veg. Mosaics
15: Permanent Snow and lce
16: Barren
255: Unclassified

Figure 4. Global distribution of surface cover types derived from the IGBP classification scheme.
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Figure 5. Random errors of single-shot XCO: retrievals over different surface cover types.
The random errors of single-shot XCO, retrievals from spaceborne IPDA lidar show pronounced differences among surface
cover types. The global mean single-shot random error is approximately 18.46 ppm. Most land cover types have random
errors below this mean level, whereas water bodies and permanent snow- and ice-covered regions show substantially larger

230 errors. The random error over water bodies is approximately 21.28 ppm, which is higher than that over most land surfaces,
mainly because water surfaces have much lower reflectance than land surfaces at the 1572 nm laser wavelength. Permanent
snow- and ice-covered regions have the largest random error, approximately 24.32 ppm. This behavior differs from

simulation-based results and is discussed further in Sect. 5.1.
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In contrast, most vegetation-covered surfaces and barren land show relatively low single-shot random errors. The random
errors for evergreen broadleaf forests, deciduous broadleaf forests, grasslands, croplands, urban and built-up lands, and
cropland/natural vegetation mosaics are mostly within approximately 10—14 ppm, clearly below the global mean. Closed
shrublands and barren land have the lowest random errors, approximately 5.99 and 7.73 ppm, respectively, possibly because
of stronger and more stable surface returns in these regions. Forest-covered regions also show distinct differences among
forest types. In general, evergreen forests have larger random errors than deciduous forests, and needleleaf forests have
larger random errors than broadleaf forests. For example, the random error over evergreen needleleaf forests is
approximately 14.59 ppm, higher than the 12.22 ppm over evergreen broadleaf forests; similarly, the random error over
deciduous needleleaf forests is approximately 15.80 ppm, higher than the 10.78 ppm over deciduous broadleaf forests. These
results suggest that, even within forest-covered regions, differences in canopy structure and optical reflectance characteristics

can affect the signal-to-noise ratio of the return signals and thus the random error of XCO; retrievals.

3.1.3 Day—night differences in the random errors of single-shot XCO: retrievals from spaceborne IPDA lidar

Considering that solar background noise reflected by the surface may affect return-signal extraction and random-error
estimation for spaceborne IPDA lidar, this study further calculates the random errors of single-shot XCO; retrievals
separately for daytime and nighttime observing conditions. The results are shown in Figs. 6. In terms of spatial distribution,
the regional patterns of daytime and nighttime random errors are generally consistent. Single-shot random errors are
generally lower over land regions and higher over ocean and permanent snow- and ice-covered regions, indicating that
daytime or nighttime conditions do not substantially change the main spatial pattern of single-shot random errors.

In terms of the overall error level, the difference between daytime and nighttime single-shot random errors is not obvious.
The mean single-shot random error is 20.23 ppm during daytime and 20.63 ppm during nighttime, with a difference of only
approximately 0.40 ppm. It should be noted that the additional quality control has a very weak influence on the day—night
difference in single-shot random errors. Without the additional quality control, the mean single-shot random error is 23.51
ppm during daytime and 23.92 ppm during nighttime, with a difference of only approximately 0.41 ppm. Although daytime
observations may theoretically be affected by solar background noise reflected by the surface, the statistical results show that
this influence is not significant in the current spaceborne IPDA lidar observations. This may be related to the good narrow -
band filtering performance of the lidar system, the stability of temperature control, and the background subtraction process in
return-signal processing, which effectively suppress the contribution of solar background noise to the final random errors of

single-shot XCO retrievals.

11
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Figure 6. Global distribution of annual mean random errors for single-shot XCO: retrievals from spaceborne IPDA lidar in 2023
under (a) daytime and (b) nighttime conditions.

265 3.2 Analysis of the averaging number for spaceborne IPDA lidar XCO: retrievals
3.2.1 Land-ocean-based analysis of the averaging number

Based on the 2023 spaceborne IPDA lidar L2B data product, continuous observation segments were further selected after
data quality control, and Allan variance analysis was applied to examine how XCO» retrieval errors vary with the number of

averaged observations. Because Allan variance analysis requires sufficiently long and continuous observation sequences,
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different segment-length thresholds were applied to land and ocean observations. The continuous segments used for the
averaging-number analysis are summarized in Table 1. For land observations, valid measurements were relatively abundant,
and 11 008 continuous segments longer than 148 x 7 observations were obtained. In contrast, ocean observations were more
strongly affected by quality screening, resulting in fewer long continuous segments. To retain a sufficient sample size for
Allan variance analysis, the segment-length threshold for ocean observations was relaxed, yielding 348 continuous segments
longer than 296 x 5 observations.

Table 1. Continuous observation segments used for the land—ocean-based analysis of the averaging number.

Land Cover Filter Criteria Number of Consecutive Observation Segments
Land N> 148*7 11 008
Ocean N> 296*5 348

Based on these continuous segments, Allan variance analysis was performed separately for land and ocean observations, and
the results are shown in Fig. 7. For both land and ocean continuous segments, the Allan standard deviation was calculated
over an averaging range of 2—400 observations with a step of two observations. The results were then statistically averaged

over 11 008 land segments and 348 ocean segments, respectively.

(a) Land Observation Error Convergence (Allan Deviation) (b) Ocean Observation Error Convergence (Allan Deviation)
= : i Measured Allan deviation £ Measured Allan deviation ;
= Smoothed Allan deviation = Smoothed Allan deviation
== Theoretical random error == Theoretical random error
-+ Reference N=148 20| Reference N=296
-—-- |slope| < 0.005 N=220 -==- |slope| < 0.005 N=296

XCO; Error (ppm)

300 350 400 50 100 150 200 250 300 350 400
Number of Averaged Observations (N) Number of Averaged Observations (N)

Figure 7. Variations in the Allan standard deviation and theoretical averaged random error with the number of averaged
observations for (a) land and (b) ocean observations. The solid blue line represents the smoothed Allan standard deviation
calculated from real observations, the light-blue line represents the unsmoothed Allan standard deviation, and the orange dashed
line represents the theoretical averaged random error estimated under the assumption of independent random errors.

The Allan standard deviations for both land and ocean generally decrease as the number of averaged observations increases,
but the decreasing rate gradually becomes weaker. In this study, a slope threshold of 0.005 was used to identify the point at
which the decrease in the Allan standard deviation begins to flatten. This threshold is half of that used by Cao et al. (2024),
and therefore provides a relatively stricter criterion for identifying the flattening point. Based on this criterion, the averaging
numbers for land and ocean observations are approximately 220 and 296, respectively. The ocean result is generally

consistent with previous simulation-based recommendations, indicating that ocean observations, as a relatively homogeneous
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but weak-return observing scenario, usually require more observations for averaging. By contrast, the land averaging number
is clearly higher than the previously suggested value of 148 observations from simulation-based studies. This indicates that
treating all land surfaces as a single category is affected by complex surface types, such as permanent snow and ice and
permanent wetlands, which increases the overall error level and thus the required averaging number. In addition, the
theoretical averaged random error is lower than the observed Allan standard deviation, suggesting that the real observation
sequence may also contain non-independent error components, such as along-track correlated errors and real spatial
variations in XCO,.

Overall, the land—ocean-based results indicate that using only a simple land—ocean separation to determine the averaging
number has certain limitations. Applying 220 observations as a uniform averaging number over all land surfaces would help
control errors over low-reflectance or complex land regions, but it would also over-average many low-error land regions and
reduce the along-track spatial resolution of the XCO, product. Therefore, the subsequent averaging strategy should not rely
only on a simple land—ocean classification. Instead, representative averaging numbers should be assigned to regions with

similar error levels by further considering surface type or the single-shot random-error level.

3.2.2 Surface-type-based analysis of the averaging number

Considering the pronounced differences in single-shot XCO, random errors among surface cover types and the influence of
surface-type continuity on the subsequent design of averaging windows, the global surface was further regrouped according
to the single-shot random-error level and the spatial continuity of surface cover types. The classification criteria are listed in
Table 2. The regrouped surface categories include low-random-error land surfaces, moderate-random-error land surfaces,
relatively high-random-error land surfaces, and high-random-error regions, with mean single-shot XCO; random errors of
9.597, 13.235, 16.278, and 22.801 ppm, respectively. Permanent snow and ice and water bodies show the largest random
errors and are therefore grouped together as high-random-error regions, which are discussed separately in the following
averaging-number analysis. This classification avoids neglecting the internal heterogeneity of land surfaces in a simple land—
ocean separation and provides a basis for assigning representative averaging numbers to regions with different error levels.

Table 2. Grouping of surface cover types based on random errors in XCO: retrievals.

Mean random error of individual
Category ) IGBP Code Land Cover
XCO;, observations

4 Deciduous Broadleaf Forests
6 Closed Shrublands
Low random

10 Grasslands

error land 9.597 ppm
12 Croplands

surfaces
13 Urban and Built-up Lands
14 Cropland/Nat. Veg. Mosaics
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76‘ ® Preprint repository
16 Barren
. Evergreen Needleleaf
Forests
Moderate 2 Evergreen Broadleaf Forests
random error 13.235 ppm 5 Mixed Forests
land surfaces 7 Open Shrublands
8 Woody Savannas
9 Savannas
Relatively high 3 Deciduous Needleleaf
random error 16.278 ppm Forests
land surfaces 11 Permanent Wetlands
High random 15 Permanent Snow and Ice
) 22.801 ppm )
error regions 0 Water Bodies

The global distribution of the regrouped surface categories is shown in Fig. 8 and is used in the following Allan variance
analysis to compare the decay characteristics of XCO, observation errors among different random-error categories and to

determine representative averaging numbers under different surface conditions.

Global Distribution of Land Cover Categories Classified by XCO, Random Error

Category
Low random error land surfaces
Moderate random error land surfaces
Relatively high random error land surfaces
B High random error regions
Unclassified

Figure 8. Global distribution of land cover categories regrouped according to random errors in XCO: retrievals.

Table 3 summarizes the number of valid continuous segments satisfying the segment-length requirement (N > 1200) under
the regrouped surface categories, which were used to support the Allan variance analysis for different surface types. The
low- and moderate-random-error land surfaces provide 2367 and 777 continuous segments, respectively, indicating that their
spatial continuity is sufficient for statistical analysis. No valid continuous segment is obtained for the relatively high-

random-error land surfaces, suggesting that these surfaces are spatially fragmented and are not suitable for an independent
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averaging-number analysis. The high-random-error regions provide 6931 continuous segments, mainly because water bodies
and permanent snow and ice have large-scale continuous distributions.

Table 3. Information on the continuous observation segments used for the averaging-number analysis under the regrouped surface
classification scheme.

Number of Consecutive

Category Filter Criteria
Observation Segments
Low random error land surfaces N> 1200 2367
Moderate random error land surfaces N> 1200 777
Relatively high random error land surfaces N> 1200 0
High random error regions N> 1200 6931

Figure 9 shows the variation in XCO, observation errors with the number of averaged observations for different surface
random-error categories. Overall, the Allan standard deviations for the three surface categories decrease as the averaging
number increases, but their error levels and flattening points differ substantially. The low-random-error land surfaces show
the lowest Allan standard deviation, with an averaging number of approximately 160 identified using the slope criterion. At
this point, the theoretical random error is approximately 0.4 ppm. The moderate-random-error land surfaces show slightly
larger Allan standard deviations, with the flattening point occurring near N = 200, corresponding to an Allan standard
deviation of approximately 1.5 ppm and a theoretical random error of approximately 0.5 ppm. The high-random-error
regions have Allan standard deviations clearly higher than those of the first two categories, with an averaging number of
approximately 296 identified using the slope criterion. However, the Allan standard deviation remains approximately 2.4
ppm at this point, while the theoretical random error is approximately 1.2 ppm. The theoretical random error remains slightly
higher than 1 ppm after averaging 296 observations, mainly because the high-random-error regions includes permanent
snow- and ice-covered surfaces with large single-shot random errors. Although the random error could be further reduced,
even to below 0.5 ppm, by increasing the averaging number, this would require a substantially larger averaging window and
would inevitably reduce the along-track spatial resolution. This indicates that observation errors in these regions remain
relatively large even after averaging over a large window, and that further increasing the averaging number provides only

limited improvement in precision.
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(a) Low random error land surfaces Observation Error Convergence (Allan Deviation) (b) Moderate random error land surfaces Observation Error Convergence (Allan Deviation)
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(C) High random error regions Observation Error Convergence (Allan Deviation)
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Figure 9. Allan variance analysis of XCO: observation error convergence with increasing averaging number for different surface
random-error categories. (a) Low-random-error land surfaces, (b) moderate-random-error land surfaces, and (c¢) high-random-
error regions . The blue lines represent the Allan standard deviations derived from real observations, the orange dashed lines
represent the theoretical averaged random errors under the assumption of independent random errors.

The candidate averaging numbers estimated from the surface random-error classification are close to those determined by the
Allan variance analysis, indicating that grouping surface types according to the single-shot random-error level can
effectively reflect differences in error convergence among different surface conditions. This is physically reasonable because
the random error of single-shot XCO; retrievals is mainly controlled by the signal-to-noise ratios of the online and offline
returns, which are further affected by the reflectance characteristics of different surface types. Therefore, assigning
representative averaging numbers based on single-shot random-error levels can provide a practical basis for designing the
averaging strategy.

For the relatively high-random-error land surfaces, no stable Allan variance analysis could be performed because sufficiently
long and continuous valid observation segments were not available after quality control. Therefore, the recommended
averaging number for this category was estimated from its single-shot random-error level. Its mean single-shot random error
is 16.278 ppm, which lies between that of the moderate-random-error land surfaces (13.235 ppm) and the high-random-error
regions (22.801 ppm). Linear interpolation between the corresponding recommended averaging numbers of 200 and 296
gives an estimated averaging number of approximately 232 for the relatively high-random-error land surfaces.

In summary, the convergence characteristics of XCO, observation errors differ clearly among surface random-error
categories. The recommended averaging numbers are approximately 160 for low-random-error land surfaces, 200 for

moderate-random-error land surfaces, 232 for relatively high-random-error land surfaces, and 296 for high-random-error
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regions. Compared with a simple land—ocean-based strategy, the stratified averaging strategy based on single-shot random
errors and surface type can better balance error control and spatial resolution. It avoids unnecessary over-averaging in low-
random-error land regions while providing stronger error suppression in high-random-error regions, thereby improving the

applicability of spaceborne IPDA lidar XCO, data products under different observing conditions.

4 Analysis of averaging strategies for spaceborne IPDA lidar XCO: retrievals

In practical spaceborne IPDA lidar XCO; retrievals, some observations are missing because of signal quality control,
surface-return screening, and other valid-observation constraints. As a result, surface XCO observations are usually not
fully continuous along track. Directly averaging discontinuous observations may introduce real spatial differences in XCO,
between distant locations into the averaged result, thereby weakening the reduction of random errors and degrading the
spatial representativeness of the averaged XCO, product. Therefore, it is necessary to design appropriate averaging strategies
for real observations with data gaps and spatial discontinuities, so as to reduce random errors while maintaining data

availability and spatial representativeness.

4.1 Analysis of XCO2 averaging strategies for homogeneous surface types
4.1.1 Fixed-spatial-resolution averaging strategy

As shown in Fig. 10, the fixed-spatial-resolution strategy uses each XCO, observation as the center and averages valid
observations from the same surface category within a predefined spatial window before and after the center point, yielding
the averaged XCO; and its random error. Because cloud contamination, weak-signal filtering, and abnormal-return screening
can lead to discontinuities in surface observations, the actual number of observations included within a fixed spatial window
may be smaller than the theoretical value. As a result, the random error after averaging still depends on the number of valid
observations. Based on the results above, fixed averaging windows of approximately 54, 67, 77, and 100 km are applied to
low-random-error land surfaces, moderate-random-error land surfaces, relatively high-random-error land surfaces, and high-
random-error regions, respectively, corresponding to approximately 160, 200, 232, and 296 observations. The averaged

results are further evaluated according to whether the random error after averaging is lower than 1 ppm.
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Figure 10. Schematic illustration of the fixed-spatial-resolution averaging strategy.

Figure 11 shows the distribution of random errors in averaged XCO; retrievals for different surface random-error categories
under the fixed-spatial-resolution strategy. The black dashed line denotes the 1 ppm random-error threshold. Overall, as the
surface random-error category increases from low to high, the distribution of averaged random errors gradually shifts to the
right, indicating that the error-control performance still differs markedly among surface types even when category-specific

fixed averaging windows are used.
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Distribution of Averaged Random Error under Fixed Spatial Resolution
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Figure 11. Statistical distribution of random errors in averaged XCO: retrievals under the fixed-spatial-resolution averaging
strategy.

For low-random-error land surfaces, the averaged random errors are mainly below 1 ppm, with 73.23 % of the retrievals
satisfying the 1 ppm threshold. This indicates that an averaging window of approximately 54 km, corresponding to 160

observations, can effectively control the random error for this category. For moderate-random-error land surfaces, the
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distribution shifts toward larger errors, and the fraction below 1 ppm decreases to 56.41 %. This suggests that the 67 km
window, corresponding to 200 observations, reduces random errors but is more strongly affected by return-signal quality and
observation gaps. For relatively high-random-error land surfaces and high-random-error regions, most averaged random
errors remain above 1 ppm, with only 22.75 % and 19.31 % of the retrievals below the threshold, respectively. In particular,
the distribution peak for high-random-error regions is clearly located to the right of 1 ppm, indicating that random errors in
these regions are difficult to reduce reliably to the target level even with a larger fixed averaging window.

Therefore, the fixed-spatial-resolution strategy can maintain a relatively consistent product spatial scale, but its error-control
capability depends strongly on surface type. It performs well over low-random-error land regions, whereas for high-random-
error regions, the current fixed spatial windows alone are insufficient to ensure that the averaged XCO, random error

remains below 1 ppm.

4.1.2 Random-error-threshold-controlled averaging strategy

As shown in Fig. 12, the random-error-threshold-controlled strategy uses each valid spaceborne IPDA lidar XCO,
observation as the center and gradually expands the averaging range to include valid observations from the same surface
category before and after the center point. The expansion continues until the random error of the averaged XCO, retrieval
falls below 1 ppm or the available range of the current continuous observation segment is reached. Unlike the fixed-spatial-
resolution strategy, this method does not prescribe a fixed averaging window. Instead, it adaptively determines the number of
observations and the spatial range used for averaging according to the single-shot random-error level and the distribution of
valid observations. This strategy gives priority to ensuring that the averaged XCO, random error meets the specified
threshold, but in regions with weak signals, frequent data gaps, or large single-shot random errors, it may require

observations over a longer spatial range and thus reduce the spatial representativeness of the averaged results.
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Figure 12. Schematic illustration of the random-error-threshold-controlled averaging strategy.

425 Figure 13 shows the distribution of the spatial averaging range required to reduce the random error of averaged XCO;
retrievals below 1 ppm under the random-error-threshold-controlled strategy. Overall, the required averaging range differs
markedly among surface random-error categories. Low-random-error land surfaces require the shortest range, with
approximately 74.13 % of the observations reaching the 1 ppm target within 50 km. For moderate-random-error land
surfaces, the required range increases, and approximately 57.83 % of the observations reach the threshold within 67 km. In

430 contrast, the distributions for relatively high-random-error land surfaces and high-random-error regions extend toward larger
spatial ranges, with only 25.33 % and 19.74 % of the observations reaching the 1 ppm target within 77 and 100 km,
respectively. This indicates that high-random-error or discontinuous observation regions generally require longer averaging

windows to satisfy the error-control requirement.
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Distribution of Spatial Resolution under Fixed Random Error Threshold
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Figure 13. Statistical distribution of the spatial averaging range required under the random-error-threshold-controlled averaging
strategy.

These results show that the random-error-threshold-controlled strategy can improve the consistency of averaged XCO-
random errors, but its averaging range is strongly scene dependent. Compared with the fixed-spatial-resolution strategy, this
strategy is more effective in unifying data quality, but it may introduce stronger spatial smoothing in high-random-error

regions and thus reduce the spatial representativeness of the XCO, product.
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4.1.3 Comparison of averaging strategies

Overall, the fixed-spatial-resolution strategy is more suitable as the default processing scheme for spaceborne IPDA lidar
surface XCO; products. Based on the four surface random-error categories, this strategy uses approximately 160, 200, 232,
and 296 observations as the default averaging numbers, corresponding to typical along-track scales of approximately 54, 67,
77, and 100 km, respectively. This provides a relatively stable balance between random-error reduction and along-track
spatial representativeness, facilitating subsequent applications such as spatial distribution analysis, model comparison,
regional statistics, and carbon emission inversion. Although the random-error-threshold-controlled strategy can improve the
consistency of averaged random errors, its averaging window varies substantially with single-shot random errors and data
gaps. In weak-signal or high-random-error regions, it may introduce stronger spatial smoothing and weaken the ability to
characterize local XCO, enhancements, land—sea gradients, and urban plumes. Therefore, using a fixed random-error
threshold as the sole averaging target is not necessarily more suitable for scientific applications; for applications requiring

higher precision, the averaging range can be moderately increased based on the default averaging numbers.

4.2 Analysis of averaging strategies at boundaries between different surface types

In regions with rapid surface-type transitions, such as land—sea boundaries, an averaging window may contain observations
from different surface random-error categories. If only observations from the same surface category are used, insufficient
valid observations near the boundary may lead to large random errors after averaging. In contrast, expanding the search
range for same-category observations to meet a random-error threshold may substantially increase the averaging-window
length and reduce spatial representativeness. Therefore, a dedicated averaging strategy is needed for boundary regions to
balance random-error control and spatial-window constraints.

The boundary-region analysis was performed using the 2023 spaceborne IPDA lidar XCO; observations. After quality
control, the observations were first matched with the MCD12C1 land cover product and classified according to the four
surface random-error categories defined above. Locations where the surface random-error category changed between
adjacent along-track observations were then identified as boundary points. Observation segments within 50 s before and after
each boundary point were extracted, corresponding to approximately 2000 observations in the absence of data gaps. To
ensure relative completeness of the segments, only cases with more than 1800 valid observations within the window were
retained, yielding 18 316 boundary cases.

For each boundary case, three averaging schemes were compared: same-category fixed-spatial-resolution averaging, same-
category random-error-threshold-controlled averaging, and boundary mixed dynamic averaging. The first two schemes use
only observations from the same surface random-error category as the current observation, corresponding to a fixed
averaging number and an expanded window until the random error falls below 1 ppm, respectively. The boundary mixed

dynamic scheme allows valid observations from different categories on both sides of the boundary to be averaged together,
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adding observations in order of increasing distance from the boundary point until the averaged random error falls below 1

ppm or the available observation range is reached.
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Figure 14. Comparison of averaging strategies for boundary segments between different surface random-error categories. (a)
Random errors of averaged XCO: retrievals. The grey dashed line denotes the 1 ppm random-error threshold. (b) Averaging-
window lengths for the three strategies. The three strategies are same-category fixed-spatial-resolution averaging, same-category
random-error-threshold-controlled averaging, and boundary mixed dynamic averaging.

Figures 14 show the averaged random errors and averaging-window lengths for the three strategies, respectively. The same-

category fixed-spatial-resolution strategy maintains a relatively stable spatial scale, but some cases show large random errors

because of insufficient same-category observations near the boundary. The same-category random-error-threshold-controlled

strategy can control the random error near 1 ppm, but some averaging windows extend beyond 300 km, indicating a
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substantial loss of spatial representativeness. By contrast, the boundary mixed dynamic strategy generally keeps the random
error below 1 ppm and produces a more concentrated distribution of window lengths. This indicates that allowing valid
observations from both sides of the boundary to participate in averaging can improve error control without excessively
expanding the spatial window. Therefore, the boundary mixed dynamic strategy is more suitable for land—sea boundaries and
other rapidly changing surface-type regions. However, the fraction of each surface category within the averaging window
should be provided as a quality indicator to avoid interpreting mixed-surface averages as observations representative of a

single surface type.

5 Discussion
5.1 Comparison between single-shot XCO: random errors from spaceborne IPDA lidar and simulation results

Disney et al. (2009) proposed a method for estimating reflectance at 1570 nm using MODIS reflectance at 1640 and 2130
nm, which was later used in ACDL performance simulations to estimate the expected return energies at the online and
offline wavelengths (Yang et al., 2019; Zhu et al., 2021). Because surface reflectance, return energy, and return-signal SNR
are generally positively correlated, this study compares the simulated global 1572 nm return-energy distribution from Yang
et al. (2019) and Zhu et al. (2021) with the 2023 single-shot XCO, random errors from real observations. The two datasets
show generally consistent large-scale spatial patterns, indicating that the MODIS-based estimation of 1572 nm surface
reflectance can reasonably capture the global spatial variability of spaceborne IPDA lidar observation performance. However,
a clear discrepancy is found over permanent snow- and ice-covered regions. In the simulations, these regions show strong
expected return energies because of their high estimated reflectance, whereas the observed random errors remain relatively
large. This suggests that broadband MODIS reflectance may not accurately represent the true spectral reflectance of snow
and ice near the laser operating wavelength. Complex polar snow and ice structures, thin clouds, and special atmospheric
conditions may further degrade the effective return-signal quality.

The observed single-shot XCO, random errors over ocean were also compared with the sea-surface relative random errors
simulated by Wang et al. (2020) based on sea-surface wind speed. Except for local differences caused by cloud
contamination, quality screening, and observation coverage, the two results show generally consistent spatial patterns over
ocean. This indicates that sea-surface-reflectance parameterization based on wind speed can reasonably represent regional
differences in ocean return conditions for spaceborne IPDA lidar. In addition, the analysis by Wang et al. (2020) based on
CALIPSO cloud and aerosol optical depth can capture observation limitations in regions with frequent cloud contamination,
such as the Southern Ocean, but may overestimate the effect in regions with complex cloud and aerosol conditions, such as
Southeast Asia. This suggests that cloud and aerosol conditions remain important sources of uncertainty in actual data

availability and random-error simulations.
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5.2 Sources of the difference between the Allan standard deviation and the theoretical random error

In the averaging of spaceborne IPDA lidar XCO, retrievals, the AVX scheme, which directly calculates the arithmetic mean
of multiple single-shot XCO; retrievals, may be affected by spatial variations in the integrated weighting function (IWF) and
thus introduce geophysical bias (Tellier et al., 2018). When the IWF differs among observations within an averaging window,
equal-weight averaging may introduce bias, especially over complex terrain, land—sea boundaries, or regions with
pronounced elevation variations. To evaluate this effect, the AVX-averaged results and the IWF-weighted averaged results
were compared using the continuous observation segments used for the averaging-number analysis. The results show that the
IWF-weighted correction does not significantly change the Allan standard deviation at different averaging scales. This
indicates that, within the same-category continuous segments selected in this study, the geophysical bias caused by spatial
variations in IWF is not pronounced. Therefore, the IWF-related bias in the AVX scheme is not the main reason why the
observed Allan standard deviation is higher than the theoretical random error.

Ideal constant XCO2 with independent Gaussian noise
Single simulated Allan deviation
Mean Allan deviation (500 simulations)

— = Theoretical random error: 18/VN
5-95 % Monte Carlo range

@

Allan deviation or random error (ppm)

50 100 150 200 250 300 350 400
Number of averaged observations (N)

Figure 15. Comparison of Allan deviations derived from idealized XCO: simulations and the theoretical random-error curve. The
blue line shows the Allan deviation from a single realization, the orange line represents the mean Allan deviation from 500
simulations, and the shaded region denotes the 5-95 % range among the simulations. The dashed line indicates the theoretical
random error expected from independent-noise propagation.

To verify the consistency between the Allan variance analysis and the independent-noise propagation theory, an idealized
simulation was conducted using a constant XCO; sequence of 420 ppm with independent Gaussian noise having a single-
shot standard deviation of 18 ppm. As shown in Fig. 15, the Allan deviation obtained from repeated simulations closely
follows the theoretical random-error curve. Although the Allan deviation from an individual realization fluctuates at large
averaging numbers because of the limited sample size and the reduced number of available averaging windows, the mean
curve from 500 simulations agrees well with the theoretical expectation. This result confirms that, under stationary
conditions with independent random errors, the Allan variance method provides a consistent description of uncertainty

reduction through averaging.
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The difference between the Allan standard deviation derived from real observations and the theoretical random error is
therefore more likely associated with real differences among single-shot XCO, observations and error components with
finite correlation scales. In the real atmosphere, XCO; can vary along the satellite track. Such variability is included in the
Allan variance as differences between adjacent averaged windows, thereby increasing the Allan standard deviation. In
addition, correlated errors may arise from instrumental response characteristics, return-signal processing, and other
components of the observation chain. Therefore, the observed Allan standard deviation should not be simply interpreted as
the averaged result of single-shot random errors. Instead, its deviation from the theoretical random error reflects the
combined influence of real spatial variability and non-independent error components. Further separation of these

contributions would require high-resolution XCO2 fields, transport model simulations, or independent validation data.

6 Summary and outlook

Based on the 2023 DQ-1 spaceborne IPDA lidar observations, this study evaluated the random errors of single-shot XCO,
retrievals and their behavior during along-track averaging, and further discussed averaging strategies for different surface
random-error categories. The single-shot XCO, random errors were calculated from the return-signal SNRs at the online and
offline wavelengths. The results show that the random errors of single-shot XCO; retrievals from the DQ-1 spaceborne
IPDA lidar exhibit pronounced spatial heterogeneity, with clear differences among regions and surface cover types. Water
bodies, permanent snow and ice, and some complex land cover types generally show larger random errors, whereas common
land cover types usually show lower random errors. The day—night comparison further indicates that the day—night
difference in random error is relatively weak.

For the averaging-number analysis, Allan variance analysis was first performed using a simple land—ocean classification.
The results show different convergence behaviors between land and ocean retrievals as the averaging number increases.
However, this binary classification is insufficient to describe error variations within land areas and over complex surface
conditions such as permanent snow and ice and water bodies. Therefore, by combining the MCD12C1 land cover data with
the statistics of single-shot random errors, the global observation scenes were further divided into four categories: low-
random-error land surfaces, moderate-random-error land surfaces, relatively high-random-error land surfaces, and high-
random-error regions. Based on the Allan variance analysis for these four categories, this study recommends averaging
approximately 160, 200, 232, and 296 observations, corresponding to typical along-track averaging scales of approximately
54, 67,77, and 100 km, respectively.

To address missing observations and along-track discontinuities caused by cloud screening, quality control, and abnormal-
return filtering, two averaging strategies for homogeneous surface conditions were compared: the fixed-spatial-resolution
strategy and the random-error-threshold-controlled strategy. The fixed-spatial-resolution strategy maintains relatively stable
spatial representativeness and is therefore more suitable as the default averaging scheme for XCO, surface retrieval products.

However, in regions with insufficient valid observations or large single-shot random errors, the random error after averaging
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may still exceed the target threshold. The random-error-threshold-controlled strategy improves the consistency of averaged
random errors, but it may substantially expand the averaging window under weak-signal or severely discontinuous
conditions, thereby weakening the ability to characterize local XCO, variability. Therefore, this study suggests using the
fixed-spatial-resolution strategy as the default averaging option, while providing the random error after averaging as a
quality indicator.

For regions with rapid surface-type transitions, such as land—sea boundaries, a boundary mixed dynamic averaging strategy
was further proposed. This strategy allows valid observations from different surface random-error categories on both sides of
a boundary to be averaged together, thereby reducing the risk of large random errors or excessive window expansion caused
by insufficient same-category observations. The results show that the boundary mixed dynamic strategy can reduce the
random error after averaging without excessively increasing the spatial window. However, because the resulting averaged
XCO; retrievals have mixed-surface attributes, the fractions of observations from different surface random-error categories
within the averaging window should be provided as an important quality indicator for boundary-region products.

This study also discussed the differences between real observations and simulation results, as well as the possible reasons
why the observed Allan standard deviation is higher than the theoretical random error. Compared with existing simulations
that estimate 1572 nm surface reflectance from broadband MODIS reflectance, the observed XCO; random errors are
generally consistent with the simulated return energy at large spatial scales, but clear discrepancies remain over permanent
snow- and ice-covered regions. This suggests that the effective reflectance of snow and ice near the laser operating
wavelength may not be accurately represented by broadband MODIS reflectance. In contrast, the spatial distribution of
observed ocean random errors is generally consistent with simulations based on sea-surface wind speed parameterization,
indicating that this method can reasonably represent regional differences in ocean return conditions. Analyses based on cloud
and aerosol optical depth can help explain observation limitations in some regions, but uncertainties remain under complex
cloud and aerosol conditions. In addition, the IWF-weighted correction does not significantly change the Allan standard
deviation within the selected same-category continuous segments, indicating that geophysical bias caused by IWF spatial
variations in the AVX scheme is not pronounced and is not the main reason why the observed Allan standard deviation is
higher than the theoretical random error. Preliminary simulation tests suggest that this difference is more likely dominated by
correlated errors and real along-track spatial variations in XCO,, with the latter being included in the Allan variance as
differences between adjacent averaged windows.

Further improvements are still needed in the evaluation of random errors and averaging methods for spaceborne IPDA lidar
XCOs retrievals. First, future observation-performance simulations should pay more attention to biases in surface-reflectance
parameterization, especially over special surface types such as permanent snow and ice. Second, the difference between the
Allan standard deviation and the theoretical random error requires further investigation. High-resolution XCO, fields,
independent validation data, and related auxiliary information could be used to separate the contributions of real spatial
variability, correlated errors, and systematic errors. Finally, for specific scientific applications such as land—ocean carbon

flux transport, point-source emission monitoring, and urban emission inversion, the influence of averaging strategies on local
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XCO; enhancements, spatial gradients, and plume structures should be further evaluated to develop application-oriented

averaging schemes.

Data availability

The DQ-1 spaceborne IPDA lidar observation data used in this study are expected to become available through the National
Satellite Meteorological Center at https:/satellite.nsmc.org.cn/DataPortal/cn/home/index.html. Before public release, the
data can be made available for review and research purposes upon reasonable request from Lu Zhang
(zhanglu_nsmc@cma.gov.cn). The MCD12Cl1 land cover product used in this study is publicly available from the NASA
Earthdata platform.
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