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Abstract 15 

Intercomparisons between spaceborne lidar instruments and ground-based lidars are essential for calibration/validation of 16 
these instruments and for data quality assurance. However, zenith-to-nadir viewing geometry differences can create 17 
systematic discrepancies between space-borne and ground-based observations, even under perfect spatiotemporal 18 
collocation. This is particularly true for clouds: unlike aerosols, which are comparatively well-mixed and spatially 19 
homogeneous, clouds are structured and short-lived, so both the observation geometry and the collocation quality strongly 20 
affect whether a spaceborne and a ground-based profile can be meaningfully compared. Still, clouds are valuable targets 21 
because they push the signal into a different dynamic range, from strong backscatter to near-saturation, that clear-sky or 22 
aerosol scenes never exercise. The present paper addresses three questions: which parameters retrieved from lidar 23 
observations are better suited to zenith-to-nadir comparisons, which atmospheric scenes are favorable for such a 24 
comparison, and how the choice of collocation approach affects the comparison's reliability. 25 

We address these questions with a simulation framework that generates 15 synthetic cloud scenes, propagates them through 26 
the lidar simulator of the Cloud Feedback Model Intercomparison Project (CFMIP) Observation Simulator Package, version 27 
2 (COSP2), for both nadir and zenith geometries, and adds instrument-specific daytime/nighttime noise. We compare 28 
attenuated backscatter (Level 1) and retrieved particulate backscatter 𝛽𝑝𝑎𝑟𝑡(𝑧) (Level 2) using two scattering-ratio (SR) 29 
definitions, and introduce a Comparability Score (CS) quantifying profile similarity via correlation and shape. Thin clouds 30 
yield high CS and comparable zenith/nadir measurements; thicker and multi-layer clouds do not, due to directional 31 
attenuation and retrieval instabilities. We also found that 𝛽𝑝𝑎𝑟𝑡(𝑧) comparisons remain valid over a broader range of 32 
conditions than 𝑆𝑅(𝑧). 33 

In real collocations, spatiotemporal separation is rarely negligible, so we select the best-matched profile pair by maximizing 34 
cross-correlation. We estimate this method's false discovery rate (the fraction of selected pairs that do not sample the same 35 
cloud) at 10–20%, using both a theoretical null model and an empirical one built from mismatched-date collocations. 36 
Applied to real collocations at 355 nm between the Atmospheric Lidar (ATLID) on the Earth Cloud, Aerosol and Radiation 37 
Explorer (EarthCARE) and the IPSL Atmospheric Research Lidar (IPRAL) across four representative cases, 𝛽𝑝𝑎𝑟𝑡(𝑧) again 38 
agrees better than native-geometry 𝑆𝑅(𝑧), consistent with the simulation results. 39 

We conclude that a spaceborne-to-ground-based cloud lidar comparison is meaningful, that is, not dominated by viewing 40 
geometry or by mismatched scenes, when three conditions are met: (1) candidate collocations are screened using the 41 
correlation coefficient and cloud vertical structure, rather than accepted by spatiotemporal proximity alone; (2) the 42 
collocated scene has a Comparability Score above 50; (3) the comparison variable, 𝑆𝑅(𝑧) or 𝛽𝑝𝑎𝑟𝑡(𝑧), is chosen according 43 
to the scene's optical depth: both variables are comparable below τ = 0.7 and only 𝛽𝑝𝑎𝑟𝑡(𝑧)  is comparable above this 44 
threshold. We propose this decision scheme, with its threshold values, as a starting point for other spaceborne-to-ground-45 
based cloud lidar validations. 46 
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1. Introduction 47 

In the field of remote sensing, active sounding by lidar (LIght Detection And Ranging) instruments has been playing an 48 
important role since the 1960s (Collis and Russell, 1976; Measures, 1984; Weitkamp, 2005), due to its sensitivity and ex-49 
ceptional vertical resolution. Spaceborne lidar was first demonstrated in 1994 by the Lidar In-space Technology Experiment 50 
(LITE) (Winker, 1997), and matured over the following decades through the Geoscience Laser Altimeter System (GLAS) 51 
on the Ice, Cloud, and land Elevation Satellite (ICESat) (Abshire et al., 2005), the Cloud-Aerosol Lidar with Orthogonal 52 
Polarization (CALIOP) on the Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observations (CALIPSO) (Winker et 53 
al., 2010), the Cloud-Aerosol Transport System (CATS) on the International Space Station (ISS) (Yorks et al., 2016), the 54 
Advanced Topographic Laser Altimeter System (ATLAS) on ICESat-2 (Markus et al., 2017), the Atmospheric Laser Dop-55 
pler Instrument (ALADIN) on Aeolus (Stoffelen et al., 2005), the Aerosol and Carbon Detection Lidar (ACDL) on Daqi-1 56 
(Zhou et al., 2022), and, most recently, the Atmospheric Lidar (ATLID) on the Earth Cloud, Aerosol and Radiation Explor-57 
er (EarthCARE) (Illingworth et al., 2015). 58 

One of the challenges of a spaceborne lidar atmospheric mission is the ongoing need to calibrate and validate the lidar 59 
measurements and the retrieved geophysical properties. The principle of an atmospheric lidar measurement is sending a 60 
short package of sounding photons into the atmosphere, starting the internal clock, and collecting the backscattered light 61 
versus acquisition time. The registered signal contains information about the atmospheric scattering (molecules and parti-62 
cles), noise (parasitic solar photons, detector noise), and biases (background signal). It can also be saturated by a highly 63 
reflective target or completely zeroed due to a highly attenuating medium, and the conversion from the detector's millivolts 64 
or photocounts to physical units, like attenuated backscatter in [m−1sr−1], is not trivial. Once this is done, it needs to be vali-65 
dated through a comparison with other calibrated and validated instruments, and a common method for such validation is 66 
nearly simultaneous common-volume measurements with ground-based lidars. This validation has two potential issues: (1) 67 
the spatiotemporal collocation is rarely perfect, and the collocation frequency is inversely proportional to its quality, so 68 
there is a common tradeoff between the number of collocations and the distance and temporal offset; (2) even in the case of 69 
a perfect collocation, the spaceborne lidar and the ground-based one do not observe the atmospheric column in the same 70 
way: even if they do it at the same wavelength with a similar instrument and a similar efficiency, they do not observe in the 71 
same direction, and the signal attenuation in zenith and nadir directions create differences in the compared values and/or 72 
make them completely incomparable. These calibration challenges have important implications for both scientific research 73 
and operational applications. 74 

The ground-based lidars have been used as a source of "ground truth" for spaceborne validation. In the framework of the 75 
ATLID/EarthCARE calibration/validation campaign (https://earth.esa.int/eogateway/missions/earthcare/data/calibration-76 
validation and references therein), dozens of international teams operate lidar systems at La Reunion and Cyprus for strato-77 
spheric aerosol validation (Khaykin et al., 2026), as well as the AD-Net (Asian Dust Network) stations, ACTRIS network 78 
sites at Mindelo, Julich, Ny Alesund, Lindenberg, and Munich, the RMR (Rayleigh-Mie-Raman) lidar at Andøya (Institut 79 
für Atmosphärenphysik, IAP), EMORAL, and IPRAL (Institut Pierre-Simon Laplace, France) as well as AERONET sun-80 
photometer network (37 sites in South and Central America and Antarctica). These multi-platform comparisons enabled 81 
both case study validation and statistical assessments of ATLID performance across different atmospheric conditions and 82 
regions. For aerosols, the validation strategy relies on comparing spaceborne overpasses against a fixed spatiotemporal 83 
window of ground-based measurement, accumulated over one or more years into a statistical dataset (Mona et al., 2009; 84 
Pappalardo et al., 2010) or a more limited set of coincident cases (Mamouri et al., 2009), and, for ATLID, in stratospheric 85 
aerosol validation studies (Khaykin et al., 2026; Poncet et al., 2026). This works well because aerosol fields are spatially 86 
more homogeneous than clouds at the typical collocation distance (~100 km). However, even with aerosols the representa-87 
tiveness is not guaranteed: Gimmestad et al. (2017) reported that aerosol inhomogeneity affected intercomparison of 88 
ground-based lidar with CALIOP. To reduce this uncertainty, several studies have applied a trajectory analysis based on 89 
wind information to identify the true air parcel: Hybrid Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) back-90 
ward/forward trajectories have been used to match CALIOP overpasses to Aerosol Robotic Network (AERONET) sun 91 
photometers (Lopes et al., 2013) and to ground-based Raman lidars (Tesche et al., 2013), and a similar air-mass-matching 92 
philosophy is reflected in the recent validation protocol of the Committee on Earth Observation Satellites (CEOS) (Amiridis 93 
et al., 2025). Even this kind of wind-based tracking is harder to apply to clouds: contrary to aerosols, clouds are structured 94 
and short-lived, so proximity alone does not guarantee that the two instruments sample the same atmospheric structure. Both 95 
the observation geometry and the choice of collocation method strongly affect whether a spaceborne and a ground-based 96 
profile can be meaningfully compared, and this comparability is central to any calibration/validation effort.7 97 

Despite its importance, a systematic quantitative evaluation of how atmospheric conditions, noise characteristics, and collo-98 
cation method affect zenith-to-nadir cloud comparisons remains lacking. Quantifying these dependencies is critical both for 99 
existing and upcoming missions and for optimizing ground-based network operations to support spaceborne lidar calibra-100 
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tion. Knowing the conditions and variables suitable for a reliable calibration would be beneficial both from a scientific point 101 
of view, because it will yield a better quality lidar product, and from a practical point of view, because it will guide the 102 
design of validation protocols, optimize ground-based network operations, and provide practical criteria for assessing collo-103 
cation quality in real-world scenarios. 104 

The present paper addresses three questions: which parameters retrieved from lidar observations are better suited to zenith-105 
to-nadir comparisons, which atmospheric scenes are favorable for such a comparison, and how the choice of collocation 106 
approach, spatiotemporal proximity versus correlation-based profile matching, affects the comparison's reliability. To ad-107 
dress these challenges, we develop a simulation framework that systematically evaluates the influence of atmospheric con-108 
ditions, noise, and collocation quality on zenith-to-nadir lidar comparisons. In Section 2, we introduce this framework and 109 
the formalism necessary to understand its elements. In Section 3, we present a theoretical study of Level 1 and Level 2 110 
comparisons across all cloud scenes, and characterize the conditions under which zenith and nadir geometries remain com-111 
parable. In Section 4, we apply these findings to real ATLID/EarthCARE-IPRAL collocations, introducing a correlation-112 
maximization method for profile matching and quantifying its false-discovery rate. Section 5 proposes practical recommen-113 
dations for other spaceborne-to-ground-based validations, and we conclude in Section 6. 114 

2. Method 115 

To systematically evaluate zenith-to-nadir lidar comparisons across varying atmospheric cloud containing conditions, noise 116 
regimes, and collocation qualities, we developed a simulation framework based on the algorithm of Feofilov et al. (2023), 117 
enhanced for the purposes of the current study.  The approach consists of three primary computational stages: (1) generation 118 
of synthetic cloud scenes with realistic atmospheric profiles, (2) noise-free lidar signal calculations using the Cloud Feed-119 
back Model Intercomparison Project Observation Simulator (COSP2), and (3) noise injection and signal degradation model-120 
ing for different observation geometries and wavelengths. The simulation workflow is illustrated in Fig. 1, which outlines 121 
the complete computational pipeline from atmospheric model data through noise-degraded lidar profiles to final compara-122 
bility assessments. The pipeline consists of five stages and two processing routines described below. 123 
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 124 

Figure 1: Flowchart of the numerical experiment quantifying the comparability of ground-based and space-borne lidar 

observations across atmospheric scenes, noise regimes, and observation geometries. Green boxes list the input data. Violet boxes 

represent the noise-free and noisy L1 data. Light blue box stands for L2 optical properties data retrieved from L1. Water-green 

boxes show the SR(z) data. Dark blue boxes represent the Comparability Score data estimated from L1 and L2 profiles. Black 

text between boxes describes actions performed on each dataset. White text in square brackets in the boxes indicates horizontal 

(H) and vertical (V) resolutions of the datasets.  

 

2.1. Atmospheric profile and cloud scene generation 125 

The workflow begins with generation of synthetic atmospheric profiles and cloud scenes. Since the atmospheric molecular 126 
scattering is significantly smaller than the particulate scattering, we opted to fix a pressure/temperature vertical profile and 127 
vary the properties and the positions of the clouds. For the atmospheric P et T profiles, we took the outputs of WACCM6 128 
model (Gettelman et al., 2019) at [11] for the tropical conditions at noon, consistent with our previous simulations 129 
(Feofilov et al., 2023). The vertical resolution of this model is better than 1km up to 22km height. For the horizontal grid, 130 
we opted to use native resolution of CALIOP and ATLID lidars, which is about 300m, and we used 50m vertical grid. As in 131 
Feofilov et al. (2023), we created pseudo-orbits suitable for the processing by COSPv2.0 algorithm (Swales et al., 2018), 132 
which includes a lidar simulator (Chepfer et al., 2008; Reverdy et al., 2015; Guzman et al., 2017; Cesana et al., 2019) that 133 
mimics the measurements that would be obtained by a spaceborne lidar if it were overflying the atmosphere simulated by a 134 
climate model, or by a ground-based lidar if it were placed under the same atmosphere. To cover the variety of atmospheric 135 
scenes observed by cloud lidars, we chose 15 scenarios described in Table 1. We start from the most transparent case of a 136 
clear sky atmosphere at the top of the table and we gradually move from very thin cirrus clouds (Ci) through semi-137 
transparent clouds to thick clouds. In addition, we consider multi-level cases when the upper cloud is one of single layer 138 
clouds listed in the Table 1 and the lower one is almost opaque that is the worst-case scenario for the zenith-to-nadir lidar 139 
comparisons.  140 

Table 1: Cloud scene configuration parameters. COT stands for Cloud Optical Thickness and p-t-p is point-to-point. 141 
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N Scene name Altitude  

range(s)  

(km) 

COT Particle  

type 

Reff  

(m) 

Lidar 

ratio 

P-t-p  

variab 

(m) 

 Corr.  

length  

(m) 

1 Clear Sky 0–30 0 N/A N/A N/A N/A  N/A 

2 Very thin subvisible Ci 13.0–14.0 0.05 Ice 20 18.3 80  200 

3 Subvisible Ci 11.5–12.5 0.15 Ice 24 19.2 90  300 

4 Thin Ci 10.0–11.0 0.3 Ice 30 20.8 100  400 

5 Semi-transp. Ci 12.0–13.0 1.0 Ice 37 23.3 200  600 

6 Opaque Ci 15.0–16.0 3.0 Ice 45 26.3 350  800 

7 Ci above thick low 
12.0–13.0 (upper)  

2.0–2.5 (lower) 

1.0 

10.0 

Ice 

Liquid 

37 

37 

23.3 

23.3 

200 

100 

 600  

600 

8 Thin Ac 4.5–5.0 1.0 Liquid 12 19.3 100  150 

9 Semi-transp. As 5.5–7 3.0 Liquid 14 19.2 100  500 

10 Opaque As 3.5–6.5 10.0 Liquid 16 18.9 150  600 

11 Semi-transp. As above thick low 
5.5–7.0 (upper) 

2–2.5 (lower) 

3.0 

10.0 

Liquid 

Liquid 

14 

14 

19.2 

19.2 

100 

100 

 500 

500 

12 Thin Sc 1.5–2.5 3.0 Liquid 9 19.3 100  150 

13 Semi-transp. Sc 1.5–2.5 5.0 Liquid 12 19.3 120  200 

14 Opaque Sc 1.8–2.5 20.0 Liquid 14 19.2 200  250 

15 Semi-transp. Sc above thick low 
1.5–2 (upper) 

0.5–1 (lower) 

5.0 

10.0 

Liquid 

Liquid 

12 

12 

19.3 

19.3 

120 

100 

 200 

200 

For each of the 14 cloud scenarios plus clear-sky conditions, we simulated 1000 vertical profiles with 300 m horizontal 142 
spacing and 50 m vertical resolution extending from the surface to 30 km altitude. To imitate the cloud height variability, 143 
needed for the estimates of the effects of non-perfect spatiotemporal overlap, we added a vertical variability modulated by a 144 
r.m.s. value given in the “point-to-point variability” column of Table 1. To ensure the continuity of cloud parameters and 145 
avoid uncorrelated random noise, we constrained the fluctuations using a “correlation length” parameter 𝐿𝑐, specific to each 146 
cloud type. The correlated random field was generated using a first-order autoregressive process described by:  147 

𝑍(𝑥𝑖) =  𝑍(𝑥𝑖−1) + ∆𝑍𝑖;     ∆𝑍𝑖 = 𝑒−(𝑥𝑖−𝑥𝑖−1)/𝐿𝑐 × ∆𝑍𝑖−1 + 𝛿𝑖 ,    𝑖 = 1, . . . , 𝑁𝑥;              (1) 148 

where 𝑥 denotes a horizontal position, 𝑍(𝑥𝑖) is a cloud height at the ith point, ∆𝑍𝑖 is a point-to-point cloud height change at 149 
the ith step, and 𝛿𝑖 is a Gaussian random term with zero mean and standard deviation equal to the point-to-point variability 150 
value. The correlation length 𝐿𝑐 represents the distance over which height fluctuations are scaled by a factor of 𝑒−1. This is 151 
a simplistic model, which we built based on previous works like Atlas and Bretherton (2023) who studied the aircraft obser-152 
vations of gravity wave (GW) activity and turbulence in the tropical tropopause layer (TTL), Li et al. (2015) who used a 153 
combination of CloudSat and Calipso instruments to study the stratus cloud properties, Comstock et al. (2002) who used a 154 
combination of ground-based passive and active instruments to study the properties of tropical cirrus clouds, including their 155 
temporal variability, Hogan and Illingworth (2003) who used cloud radar data to parameterize inhomogeneity of ice clouds, 156 
Wu and Liang (2005) who estimated cloud horizontal inhomogeneity from a cloud-resolving model simulation, Cesana et 157 
al. (2019) who created the CASCCAD dataset for cumulus and stratocumulus clouds, based on CALIOP and CloudSat 158 
measurements, and Covert et al. (2022) who used a constrained model to simulate the vertical dependence of the horizontal 159 
variation of cloud water in stratocumulus clouds, and the outputs of an updated version of 3DCLOUD model (Szczap et al., 160 
2014), 3DCLOUD_V2 (Alkasem et al., 2017) used in Feofilov et al. (2023). These parameters are not related to observa-161 
tion geometry; we introduced them to get a rough estimate of what inconsistency one should expect for real-life overlaps 162 
described below.  163 

The atmospheric scenes consisting of pressure (P), temperature (T), and variable-height cloud profiles are organized into a 164 
single pseudo-orbit that constitutes an input to COSP2 simulator. This process involves a recalculation from a bulk cloud 165 
optical thickness (COT or 𝜏) into COSP2-specific parameters. In these calculations, we assumed a constant vertical profile 166 
of cloud properties within a given cloud layer at each horizontal step i (Eq. (1)); this is true for the majority of ice clouds 167 
(Feofilov et al., 2015). The remaining ice clouds, with “upper triangle” or “lower triangle” profiles (Feofilov et al., 2015), 168 
are rare and are not considered in the present manuscript for the sake of simplicity. As for the liquid clouds, a constant pro-169 
file is a coarser approximation (Pawlowska et al., 2000; Wood, 2005); we opted to keep it to isolate the effect of na-170 
dir/zenith attenuation differences from cloud-internal microphysical variability. For each 50m sub-layer, we performed a 171 
series of calculations, inverse to those used in COSP2 package to obtain the same optical depths as in its lidar_optics() 172 
routine:   173 
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𝑀𝑅 =
∆𝜏×𝜌𝑝×𝑅𝑒𝑓𝑓

𝜂×
3

4
×𝑄𝑠𝑐𝑎𝑡×𝜌𝑎𝑖𝑟×∆ℎ

;        𝜌𝑎𝑖𝑟 = 𝑛𝑎𝑖𝑟 × 𝑚𝑝 × 𝑀𝑎𝑖𝑟     (2) 174 

where 𝑀𝑅 is a unitless mass-mixing ratio, ∆𝜏 is an optical depth per sublayer ∆ℎ, 𝜌𝑝 is a particle density (depends on parti-175 
cle type), 𝑅𝑒𝑓𝑓 is an effective particle’s radius, 𝜂 is a multiple scattering coefficient (0.75), 𝑄𝑠𝑐𝑎𝑡  is scattering efficiency (2.0 176 
both for ice and liquid), 𝜌𝑎𝑖𝑟  is air density in the sublayer calculated from air molecule concentration 𝑛𝑎𝑖𝑟 , proton mass 𝑚𝑝, 177 
and mean molecular mass of air 𝑀𝑎𝑖𝑟  (~28.8 atomic mass units). Both in the COSP2 lidar simulator and in the calculations 178 
below, the backscatter and extinction coefficients at the corresponding wavelengths are calculated (Collis and Russell, 1976; 179 
Bucholtz, 1995):  180 

𝛽𝑚𝑜𝑙(𝜆, 𝑧) = (𝑑𝜎 𝑑𝛺⁄ )𝜆 × 𝑁(𝑧); 𝛼𝑚𝑜𝑙(𝜆, 𝑧) =
4𝜋

1.5
𝛽𝑚𝑜𝑙(𝜆, 𝑧)   (3) 181 

(𝑑𝜎 𝑑𝛺⁄ )𝜆 =
𝜎(𝜆,𝑧)

4𝜋
×

3

4
(1 + 𝑐𝑜𝑠2(𝜋))     (4) 182 

𝜎(𝜆, 𝑧) =
24𝜋3(𝑛𝑠

2(𝜆)−1)
2

(6+3𝜌(𝜆))

𝜆4𝑁𝑠
2(𝑛𝑠

2(𝜆)+2)
2

(6−7𝜌(𝜆))
     (5) 183 

where (𝑑𝜎 𝑑𝛺⁄ )𝜆 is a differential cross section (m2 sr−1), 𝑁(𝑧) is a number density (m−3), 𝜎(𝜆, 𝑧) is Rayleigh cross section 184 
(m2), 𝑛𝑠(𝜆) is the refractive index for standard air, 𝜌(𝜆) is the depolarization factor, and 𝑁𝑠 is the number density of stand-185 
ard air (2.54743×1025 m−3). The resulting values of (𝑑𝜎 𝑑𝛺⁄ )𝜆 at 355 nm and 532nm are 3.2897988×10−31 m2 sr−1 and 186 
6.1668318×10−32 m2 sr−1, respectively. 187 

In Fig. 2, we show the inputs generated with the help of the formalism outlined above. All the profiles are organized to one 188 
“pseudo-orbit” which is then transferred to the COSP2 package. 189 

2.2. Noise-free lidar profiles simulated with COSP2 190 

The interpolated atmospheric and cloud profiles shown in Fig. 2 were fed to the COSP2 lidar observables simulator (Swales 191 
et al., 2018), which computed noiseless attenuated backscatter (ATB), attenuated particulate backscatter (APB), and attenu-192 
ated molecular backscatter (AMB) profiles at 355 nm and 532 nm for both nadir (space-borne) and zenith (ground-based) 193 
observation geometries using the CALIOP and ATLID simulators (Chepfer et al., 2008; Reverdy et al., 2015) included in 194 
this simulator. In zenith geometry, the simulator assumes that the ground based lidar operating at the corresponding wave-195 
length (355 nm for ATLID and 532nm for CALIOP) observes the atmosphere overflying it, so the profile index can be 196 
considered as time index in this case. Output profiles maintained the original 300 m horizontal spacing and were saved at 197 
100 m vertical resolution. It is important to note here that the simulators do not use any experimental setup parameters like 198 
telescope size, optical path throughput, or rejection filter bandwidth because they do not account for instrumental noise 199 
effects. To address the noise-related effects, their outputs were processed by a third part of the simulation chain (Fig. 1), 200 
which estimates noise and its propagation in the lidar system. For the sake of simplicity, we do not show noise-free lidar 201 
curtains at this step and pass directly to noise-perturbed profiles in the next section. 202 

 203 

 204 
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205 
Figure 2: Input data used in COSP2 calculations: (a) molecular backscatter profile at 355 nm, aer_beta_355 in terms of COSP2 206 
(aer_beta_532 is not shown for the sake of clarity); (b) optical depth per 50m layer both for convective clouds (dtau_c) and large 207 
scale clouds (dtau_s); (c, d, e, f): mass mixing ratios for convective core ice and liquid clouds and for large scale ice and liquid 208 
clouds (mr_ccice, mr_ccliq. mr_lsice, and mr_lsliq, respectively). The cloud scene numbers on top of the plot correspond to the 209 
first column of Table 1. 210 

2.3. Adding instrumental noise 211 

The detailed formalism for signal and noise calculations can be found in Feofilov et al. (2023). The parameters of CALIOP 212 
and ATLID lidars related to these calculations are listed in Table 1 of the same work. To exclude the instrument-based ef-213 
fects and address only the viewing geometry effects, we used the same characteristics for the pairs of ground-based and 214 
space-borne lidars, with only one exclusion: the field of view (FOV) of the lidar was changed from 65 rad for ATLID and 215 
130 rad for CALIOP to 500 rad representing a typical value for ground-based atmospheric lidars (Whiteman, 2003; 216 
Weitkamp, 2005). We did not change the beam divergence, because wider FOV covers both narrow and wide beams that is 217 
necessary and sufficient for our noise estimates, whereas the rationale of changing FOV in these calculations was to correct-218 
ly estimate the parasite solar photons. Below, we list only the main stages of instrumental noise estimation. 219 

(a) Photon emission calculation: determining the number of emitted photons per laser pulse using instrumental parameters 220 
(pulse energy, wavelength, and optical throughput); (b) Photon propagation: calculating the number of photons reaching 221 
each detector (molecular and particulate channels) for each range gate, accounting for atmospheric backscatter, two-way 222 
transmission, and solid angle effects; (c) HSRL (High Spectral Resolution Lidar) cross-talk correction (for ATLID and its 223 
ground-based counterpart): apply the four cross-talk coefficients to account for non-ideal channel separation between mo-224 
lecular and particulate detection paths; (d) Solar background estimation: computing solar photon contributions to both de-225 
tectors during daytime observations using radiative transfer calculations that account for surface albedo, viewing geometry, 226 
and atmospheric composition; (e) Noise source inclusion: adding dark current and readout noise components to the signal; 227 
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(f) Variance propagation: calculating signal and noise variances for each channel using error propagation formulas, includ-228 
ing cross-channel covariance terms that arise from the HSRL cross-talk coupling. 229 

Separate noise realizations were generated for daytime (Solar zenith angle of 45) and nighttime conditions. The resulting 230 
noise-degraded profiles represent what actual lidar systems would observe under the specified atmospheric and instrumental 231 
conditions. Output files contain the noisy attenuated backscatter profiles (total, molecular, and clear sky, see the definitions 232 
in the next section) at 300 m horizontal spacing and 100 m vertical resolution for both observation geometries and both 233 
wavelengths (see the bottom part of Fig. 1).  234 

2.4. Scattering ratio definitions 235 

For a uniform comparison of zenith and nadir profiles, we need a backscatter-based quantity that would be independent of 236 
absolute signal strength and that would work both for L1 data (ATB/APB/AMB) and for L2 data (optical properties re-237 
trieved from L1). The scattering ratio (SR) serves this purpose, but one has to keep in mind that two definitions exist in the 238 
literature under this name. Both use total attenuated backscatter as the numerator, but they differ in the denominator: one 239 
employs a theoretical clear-sky molecular backscatter, the other a measured one. We adopt the former. It is applicable to 240 
both HSRL and non-HSRL systems, its denominator introduces no additional noise, and its physical meaning is unambigu-241 
ous. The latter, while attractive for its matched attenuation path, is HSRL-only and it attenuates with the main signal in thick 242 
clouds, which increases the noise whereas the former gives a smooth attenuation down to zero that is convenient for the 243 
analysis of fully attenuated cases (e.g. Guzman et al., 2017). 244 

Let us start with a lidar equation for total attenuated backscatter: 245 

𝐴𝑇𝐵(𝜆, 𝑧) = (𝛽𝑚𝑜𝑙(𝜆, 𝑧) + 𝛽𝑝𝑎𝑟𝑡(𝜆, 𝑧)) × 𝑒
−2 ∫ (𝛼𝑚𝑜𝑙(𝜆,𝑧′)+𝜂𝛼𝑝𝑎𝑟𝑡(𝜆,𝑧′))𝑑𝑧′

𝑧
𝑍𝑙𝑖𝑑𝑎𝑟    (6) 246 

where  is the wavelength, at which the lidar operates, 𝐴𝑇𝐵(, 𝑧) is a wavelength-dependent total attenuated backscatter for 247 
the layer at altitude z, 𝛽𝑚𝑜𝑙(𝜆, 𝑧) and 𝛼𝑚𝑜𝑙(𝜆, 𝑧) can be estimated from Eq. (3), z, 𝛽𝑝𝑎𝑟𝑡(𝜆, 𝑧) and 𝛼𝑝𝑎𝑟𝑡(𝜆, 𝑧) are the par-248 
ticulate backscatter and extinction coefficients, which are the optical properties we seek to retrieve, 𝑍𝑙𝑖𝑑𝑎𝑟  is an altitude of 249 
the satellite in the case of a space-borne lidar or a zero-altitude level in the case of a ground-based lidar, and η is a multiple 250 
scattering coefficient (e.g., Platt, 1973; Garnier et al., 2015; Donovan, 2016), the same as in Eq. (2). Similarly, the equation 251 
for the attenuated molecular backscatter that can be detected by a Rayleigh channel of an HSRL lidar is: 252 

𝐴𝑀𝐵(𝜆, 𝑧) = 𝛽𝑚𝑜𝑙(𝜆, 𝑧) × 𝑒
−2 ∫ (𝛼𝑚𝑜𝑙(𝜆,𝑧′)+𝜂𝛼𝑝𝑎𝑟𝑡(𝜆,𝑧′))𝑑𝑧′

𝑧
𝑍𝑙𝑖𝑑𝑎𝑟     (7) 253 

and the attenuated molecular backscatter for clear sky conditions is: 254 

𝐴𝑇𝐵𝑚𝑜𝑙(𝜆, 𝑧) = 𝛽𝑚𝑜𝑙(𝜆, 𝑧) × 𝑒
−2 ∫ 𝛼𝑚𝑜𝑙(𝜆,𝑧′)𝑑𝑧′

𝑧
𝑍𝑙𝑖𝑑𝑎𝑟      (8) 255 

Correspondingly, the first definition of scattering ratio is: 256 

𝑆𝑅1(, 𝑧) =
𝐴𝑇𝐵(,𝑧)

𝐴𝑇𝐵𝑚𝑜𝑙(,𝑧)
       (9) 257 

and the second one is: 258 

𝑆𝑅2(, 𝑧) =
𝐴𝑇𝐵(,𝑧)

AMB(,𝑧)
       (10) 259 

The interpretation of SR1 defined in accordance with Eq. (9) is straightforward. Since the 𝐴𝑇𝐵(, 𝑧) in Eq. (6) turns into 260 
𝐴𝑇𝐵𝑚𝑜𝑙(, 𝑧) in the absence of particles (Eq. (8)), the SR1 values for clear-sky conditions will be about 1. If the SR is larg-261 
er than one, this indicates the presence of an aerosol or cloud layer. If SR1 is less than one, this indicates the attenuation of 262 
the backscattered radiance by a cloud or aerosol layer. Finally, if the SR1 is close to zero, this indicates a total attenuation of 263 
backscattered radiance (Guzman et al., 2017). For SR2 equal to 1, the interpretation is the same as for SR1. For the values 264 
larger than one, it also indicates the presence of aerosols, but the “attenuation” of SR2 within the cloud layer is not noticea-265 
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ble because both the numerator and denominator in Eq. (10) depend on attenuation by particles. However, in the case of a 266 
thick cloud the behavior of SR2 becomes unpredictable because both signals become strongly attenuated and one obtains 267 
the indeterminate form of zero over zero, which will be strongly affected by noise. In the past works (Chepfer et al., 2008, 268 
2010, 2013; Feofilov et al., 2022, 2023, 2024), we advocated using SR1rather than SR2 for spaceborne lidars. Leaping 269 
ahead, we can say that this metrics is not always sufficient for the comparison of the observations made in opposite viewing 270 
geometries, and other options should be considered. 271 

2.5. Optical property retrieval 272 

To simulate the full L1→L2 retrieval chain and compare the nadir and zenith viewing geometries in the optical products 273 
domain, and retrieve the 𝛽𝑝𝑎𝑟𝑡(𝑧) profiles used for the Level-2 comparisons in Sects. 3.2 and 4.4, we realized Klett’s re-274 
trieval algorithm (Klett, 1981, 1985) in its reformulation by Ansmann and Müller (2005). More advanced multi-channel and 275 
iterative inversion schemes exist for L1→L2 retrieval (e.g. Donovan et al., 2024); we use Klett's single-channel inversion 276 
here for its closed-form solution and physical transparency, which keeps the propagation of viewing-geometry effects into 277 
the retrieved L2 quantities traceable. 278 

𝛽𝑝𝑎𝑟𝑡(𝑅) =
𝐴

𝐵−𝐶
− 𝛽𝑚𝑜𝑙(𝑅)       (11) 279 

A = S(𝑅) × 𝑒
−2 ∫ [𝐿𝑅𝑝𝑎𝑟𝑡(𝑟)−𝐿𝑅𝑚𝑜𝑙]

𝑅
𝑅0

×𝛽𝑚𝑜𝑙(𝑟)𝑑𝑟
    (12) 280 

B =
𝑆(𝑅0)

𝛽𝑝𝑎𝑟𝑡(𝑅0)+𝛽𝑚𝑜𝑙(𝑅0)
       (13) 281 

C = −2 ∫ 𝐿𝑅𝑝𝑎𝑟𝑡(𝑟) × 𝑆(𝑟)
𝑅

𝑅0
× 𝑇𝑟(𝑟, 𝑅0)𝑑𝑟    (14) 282 

Tr(r, 𝑅0) = 𝑒
−2 ∫ [𝐿𝑅𝑝𝑎𝑟𝑡(𝑟′)−𝐿𝑅𝑚𝑜𝑙]×𝛽𝑚𝑜𝑙(𝑟′)

𝑟
𝑅0

𝑑𝑟′

    (15) 283 

where R is the distance from lidar, 𝑅0 is the distance to the reference layer, 𝛽𝑝𝑎𝑟𝑡 is the aerosol backscatter coefficient, S(𝑅) 284 
is a range corrected signal proportional to ATB, 𝐿𝑅𝑝𝑎𝑟𝑡 is the aerosol lidar ratio (extinction-to-backscatter ratio), 𝐿𝑅𝑚𝑜𝑙  is 285 
the molecular lidar ratio. For the sake of simplicity, we dropped the wavelength index from the variables in Eqs. (11−15). 286 
As for the lidar ratios 𝐿𝑅𝑝𝑎𝑟𝑡, in COSP2 it is estimated from particle type based on mass mixing ratios of water and ice and 287 
type of a cloud (convective or large scale), so in our numerical experiment we kept the consistency with COSP2 parameteri-288 
zation yielding 𝐿𝑅𝑝𝑎𝑟𝑡 values listed in the 7th column of Table 1, and we consider them constant within cloud layer. 289 

It is known that Klett’s method depends on the choice of a reference layer 𝑅0 and that the solution is stable only if 𝑅0 is 290 
chosen on the far end of the observation profile (Fernald, 1984). At the same time, it is clear that the method will not work if 291 
the reference layer is masked by an opaque cloud. If the reference layer is indeed obscured, B approaches zero according to 292 
Eq. (13), the first term in Eq. (11) becomes dominated by cloud extinction, the solution becomes numerically unstable, and 293 
the retrieval fails throughout the whole profile. In this case, it makes sense to take the farthest point of the profile that is not 294 
obscured by a thick cloud, as a reference one. We discuss this approach in more details in the companion technical note 295 
dedicated to real lidar’s processing from the detector’s level to L1 and L2 (Haddouche and Feofilov, 2026a).  296 

2.6. Spatial and temporal averaging L1 and L2 data  297 

As one can see from Table 1 and Fig. 2, our test cloud dataset includes scenes that are not favorable for observations due to 298 
low signal-to-noise ratio (SNR) like solar-illuminated scenes, very thin clouds, and clouds masked by other clouds. To im-299 
prove the SNR and resulting cloud detection in these cases, both space-borne and ground-based lidars average the backscat-300 
ter signal. For the former, averaging over flying distance leads to spatial resolution degradation (e.g. the optical properties 301 
retrieved from ALADIN/Aeolus have 3 to 90 km horizontal resolution, depending on the strength of backscatter signal, see 302 
Wang et al., 2024). For the latter, the integration periods over time typically range from minutes to tens of minutes depend-303 
ing on the lidar type and observation conditions. Longer averaging is generally required during daytime observations be-304 
cause of increased solar background noise, whereas nighttime measurements can achieve higher temporal resolution 305 
(Ansmann et al., 1992; Ansmann and Müller, 2005). Since the spatial atmospheric variability corresponding to long-term 306 
averaging is high, we opted to limit the averaging by 100 laser shots that corresponds to ~30km flight distance that is a 307 
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reasonable tradeoff between the SNR improvement and the degradation of the horizontal resolution. We note that this aver-308 
aging is representative of the correlation lengths of the cirrus and mid-level scenarios in Table 1. It has not been validated 309 
against boundary-layer cumulus or stratocumulus, where CALIOP and ATLID retrievals are typically reported at native 310 
~300 m resolution and where the constant-vertical-profile assumption of Sect. 2.1 is itself a coarser approximation (Sect. 311 
2.1). The comparability results for the shallow-to-opaque stratocumulus scenes (12–15, Table 1) should therefore be read 312 
with this caveat; our aim was to keep the treatment uniform across scenes rather than tune it to each cloud regime. For the 313 
ground-based lidars, we used the same averaging, given that we use the same type of instruments with the same telescope 314 
size and optical throughput that are much closer to their targets, but during daytime the SNR is spoiled by a larger FOV 315 
leading to increased solar background signal. Further adjustment of averaging parameters is out of the scope of the present 316 
study, the main purpose of which is to show the differences in the information content of L1 and L2 profiles obtained in 317 
different viewing geometries. Both the L1 and L2 comparisons of observation geometries discussed below correspond to 318 
100-element averaging when it comes to the quantitative characteristics of the agreement. To illustrate realistic noise, the 319 
lidar curtains in the next section are shown without averaging. 320 

2.7. Zenith-to-nadir profile comparison: comparability score 321 

To quantify the similarity between lidar profiles measured in zenith and nadir geometries, we define a metric based on simi-322 
larity of height profiles, be it the scattering ratio from Eq. (9) (SR1) or Eq. (10) (SR2), or the retrieved 𝛽𝑝𝑎𝑟𝑡(𝜆, 𝑧). For the 323 
former two cases, the input data for the numerator (and for Eq. (10), also the denominator) are sourced either directly from 324 
L1 or estimated from L2 data. The molecular backscatter and extinction coefficients, 𝛽𝑚𝑜𝑙(𝜆, 𝑧) and 𝛼𝑚𝑜𝑙(𝜆, 𝑧), are re-325 
trieved from L1 data (see Eqs. (2−5)). We term our agreement metric the "Comparability Score" (CS), which should satisfy 326 
the following requirements: 327 

(a) It should be independent of absolute values or units of compared two input vectors (profiles) 𝑎⃗ and 𝑏⃗⃗. 328 
(b) It should penalize the anti-correlation of profiles and favorize their correlation. 329 
(c) It should favorize the close absolute values, given that the next condition is not fulfilled. 330 
(d) It must approach zero if the profiles, while similar to each other, are close to a fixed reference value (1.0 331 

for 𝑆𝑅1(𝑧), 0 for 𝛽𝑝𝑎𝑟𝑡(𝑧) via a separate branch of Eq. (16) for the SR case); this prevents two clear-sky or aerosol-332 
free profiles from scoring as highly comparable simply because both sit near their baseline, independent of whether 333 
either contains a real cloud or aerosol signal. 334 

(e) It should decrease in proportion to the fraction of invalid or non-overlapping points, via the  
𝑁𝑗𝑜𝑖𝑛𝑡

𝑁𝑡𝑜𝑡
factor in Eq. (17). 335 

For the input vectors 𝑎⃗ and 𝑏⃗⃗ (e.g. the 𝑆𝑅1(𝑧) calculated in zenith and the 𝑆𝑅1(𝑧) calculated in nadir geometry), compara-336 
bility score CS is calculated as follows: 337 

𝐶𝑆 =  0  𝑖𝑓   𝑎̅⃗ ≈ 0 𝑜𝑟  𝑏⃗⃗
̅

≈ 0      (16) 338 

𝐶𝑆 =
𝑁𝑗𝑜𝑖𝑛𝑡

𝑁𝑡𝑜𝑡
× {(1 − 𝑤𝑠ℎ𝑎𝑝𝑒) × 𝐺𝑐𝑜𝑟𝑟 + 𝑤𝑠ℎ𝑎𝑝𝑒 × 𝐺𝑠ℎ𝑎𝑝𝑒}    (17) 339 

𝐺𝑐𝑜𝑟𝑟 =
𝜌(𝑎⃗⃗,𝑏⃗⃗)+1 

2
 ;         𝐺𝑠ℎ𝑎𝑝𝑒 = 𝑒

−2×
|𝑎⃗⃗⃗ − 𝑏⃗⃗⃗
̅̅ ̅̅ ̅̅ ̅̅ |

|𝑎̅⃗⃗⃗|+|𝑏⃗⃗⃗
̅|      (18) 340 

where 𝑎̅⃗ and  𝑏⃗⃗
̅
 are the mean values over the valid elements of the input vectors, 𝑁𝑗𝑜𝑖𝑛𝑡  is the number of points whose value 341 

exceeds a physical validity threshold, set to zero for both 𝑆𝑅(𝑧) and for 𝛽𝑝𝑎𝑟𝑡(𝑧) (Sect. 2.4), 𝑁𝑡𝑜𝑡 is a total number of points 342 
in the analyzed cloud layer (at the 100 m vertical resolution used for Table 1's altitude range), 𝐺𝑐𝑜𝑟𝑟  is a correlation term 343 

contribution to the score, 𝜌(𝑎⃗, 𝑏⃗⃗) is Pearson’s correlation coefficient, 𝐺𝑠ℎ𝑎𝑝𝑒  is a scaled difference term and 𝑤𝑠ℎ𝑎𝑝𝑒 is its 344 
contribution to the total score. The latter factor is chosen arbitrarily to make both terms in the brackets of Eq. (17) repre-345 
sentative, and in the present work we used 𝑤𝑠ℎ𝑎𝑝𝑒 = 0.5. 346 
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3. Comparing zenith and nadir observations 347 

3.1. Comparison based on L1 data 348 

In this section we quantify, rather than merely illustrate, how the viewing-geometry difference propagates from L1 to L2 349 
quantities and into a numerical measure of comparability, laying the groundwork for the decision scheme in Sect. 5. In Figs. 350 
3 and 4, we show the vertical profiles of AMB(z), APB(z), ATB(z), as well as SR1(z) calculated in accordance with Eqs. 351 
(6−8) in nadir and zenith observation geometries, respectively. For the sake of simplicity, we show only the calculations at 352 
355 nm. Qualitatively, the ones at 532nm look similar, and we discuss the agreement at this wavelength below. To illustrate 353 
the differences between solar illuminated scenes and nighttime ones on one plot, we split each scene in two halves: the left 354 
one shows the nighttime case, the right one is for day. Let us first qualitatively analyze the similarities and differences be-355 
tween the nadir and zenith geometries, between day and night, and between the scenes. For clear sky cases (column #1 of 356 
Figs. 3 and 4), the most remarkable feature is the difference between day and night for zenith geometry. This is not surpris-357 
ing given that the FOV of a ground-based instrument is large in our calculations. For nadir-looking analog of ATLID lidar, 358 
the difference is smaller that is in a good agreement both with our preliminary estimates (Feofilov et al., 2023) and with real 359 
ATLID data. In the discussion materials of Feofilov et al. (2023), we provided an explanation of this effect: it is a combina-360 
tion of relatively low Solar radiance flux at 355 nm, narrow FOV of this instrument, and narrow effective spectral width of 361 
its Mie channel. The difference in night/day noise remains valid for all scenes, but the absolute values differ. This is related 362 
to cloud reflection/scattering that depends on the scene and observation geometry. As stated before, we reduce the effects of 363 
noise by a factor of 10 through 100-point averaging in the comparisons below. A distinct feature of all scenes starting from 364 
scene 4 (thin Ci) is a “shadow” in attenuated backscatter panels of Figs. 3 and 4. In the cases of single-layer thick clouds 365 
(scenes 6, 10, and 14) and double-layer clouds (scenes 7, 11, and 15), the shadow is more pronounced, and the layers in it 366 
are barely accessible for the remote sensing. Finally, the biggest difference between Fig. 3 and Fig. 4 is the position of the 367 
area, which is partially or fully masked by a cloud: for nadir observations (Fig. 3), it is below the cloud layer whereas for 368 
zenith observations (Fig. 4) it is above the cloud layer. This has been already known since the beginning of atmospheric 369 
lidar observations, but this time we will address the issues linked with these differences. 370 

To illustrate the comparability issues in L1, we use the SR1(z) profiles (Eq. (9)) built from the averaged 𝐴𝑇𝐵(𝑧) and 371 
𝐴𝑇𝐵𝑚𝑜𝑙(𝑧) profiles taken from the center of each scene's 1000-profile block, away from the transitions with adjacent 372 
scenes, both for nadir and lidar geometries (Fig. 5). Where it is appropriate, we also show the SR2(z) profiles (Eq. (10)) 373 
built from the averaged 𝐴𝑇𝐵(𝑧) and 𝐴𝑀𝐵(𝑧) profiles. We do not show them for the scenes, where the SR2(z) profiles are 374 
off the limits. Each time, we focus on the uppermost cloud layer to show the differences between single-layer scene and the 375 
same scene masked by an almost non-transparent cloud below. To illustrate the best possible cases of such comparisons and 376 
address only the observation geometry effects, we consider a perfect spatiotemporal overlap during nighttime.  377 

As one can see in Fig. 5, the closest nadir-zenith curves are the SR2(z) for optically thin single-layer clouds. But, due to 378 
noisy values in the denominator of Eq. (10), this metric becomes unstable and does not work well for semi-transparent or 379 
thick clouds. From this point of view, both nadir- and zenith-geometry SR1(z) curves are more stable and they demonstrate 380 
an explainable physical behavior, but their comparability is worse than that of SR2(z) for thin cases: all the profiles for the 381 
transparent cases experience the same “opposite attenuation” problem, when the nadir and zenith profiles cross because the 382 
radiative transfer responsible for the formation of 𝐴𝑇𝐵(𝑧) happens in opposite directions for these observation geometries. 383 
As for opaque cloud SR(z) profiles or the cloud SR(z) profiles over opaque clouds, they are not comparable at all, be it a 384 
SR1(z) or SR2(z). This qualitative picture is not new to lidar remote sensing; what we add here is a quantitative measure of 385 
it, which makes it possible to decide whether the case is worth comparing with the collocated measurement, and if yes then 386 
what variables are comparable. The CS values we provide can be thresholded, compared across scenes, and ultimately built 387 
into the decision scheme of Sect. 5. We keep this framing in mind for the L2 comparisons below. 388 

If we calculate the comparability score values for all the pairs of zenith and nadir profiles according to Eqs. (16−18) and the 389 
flowchart shown at the bottom of (Fig. 1), for the daytime and nighttime scenes, we will obtain the tables shown in Fig. 6. 390 
The rows of these tables correspond to cloud scenes whereas the columns correspond to combinations of wavelength 391 
(355 nm or 532nm), illumination conditions (day/night) and overlapping conditions: “close” representing nearly perfect 392 
spatiotemporal overlap, and “far” representing realistic separation typical of satellite-to-ground validation activities, yield-393 
ing 8 columns for each table. As one can see, the values in the left-hand side table and middle table, which correspond to CS 394 
calculated from SR1 (Eq. (9)) and SR2 (Eq. (10)), respectively, follow the patterns visible in Fig. 5. Overall, the observed 395 
behavior fits well our general understanding of the physics of observations and the values chosen for the comparison. For 396 
the SR1: (1) the first three lines in SR1 score demonstrate a good agreement between zenith and nadir, that is expected be-397 
cause SR1 for the molecular case is equal to 1 and only the noise and spatial variability can affect the agreement, and the 398 
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attenuation in subvisible clouds is so weak that it cannot dramatically change the SR1 slope; (2) the cases of perfect overlap 399 
(“close” in the terms of Fig. 6) have expectably higher CS values than non-perfect ones (“far” in terms of Fig. 6); (3) CS 400 
values for the daytime scenes are lower than those for the nighttime. The SR2 scores (Fig. 6, middle panel) follow the same 401 
patterns as the SR1 scores, but there are several important differences: (1) the absolute CS values are in general higher than 402 
those based on SR1; (2) correspondingly, there are more scenes that one can compare using SR2; (3) daytime CS values at 403 
532nm are strongly affected by AMB noise in the denominator of Eq. (10) for all the scenes, so the CS based on SR1 is 404 
preferable for subvisible and thin Ci at this wavelength during daytime.  405 

3.2. Comparison based on L2 data 406 

To quantify how geometry effects propagate through retrieval algorithms and into optical products and whether L1 or L2 is 407 
preferable for the comparison, we now examine the L2 data. In Fig. 7, we show the retrieved 𝛽𝑝𝑎𝑟𝑡(355𝑛𝑚, 𝑧) vertical 408 
profiles for nighttime scenes. As one can see, one of the obvious differences between SR1, SR2 and these profiles is the 409 
contrast between zenith and nadir profiles in the case of opaque cloud beneath the main scene. Since in these cases the ref-410 
erence layer for Klett’s method had to be below the opaque cloud for zenith and above it for nadir retrievals, the retrievals 411 
for the signals obtained in zenith observation geometry did not converge for the points above the cloud. This is an expected 412 
behavior for a signal strongly attenuated in opaque cloud. Some of the scenes with semi-transparent clouds yielded noisy 413 
retrievals. This might be improved by fine-tuning of Klett’s algorithm that is out of scope of the present work, because our 414 
task was to show the information content of the signal processed with the same algorithm in both observation geometries. 415 
As for the subvisible, thin, and certain semi-transparent cases, both curves look quite similar. The differences are due to 416 
noise and algorithmic stability of the retrieval. Switching to a global comparison (Fig. 6, right-hand side table), one notes a 417 
larger contrast for “good” and “bad” cases compared to SR1- and SR2-based CS values shown in the middle and left-hand 418 
side panels of this plot: for the optically thick clouds and scenes over them, the CS values are close to zero whereas for the 419 
optically thinner scenes the CS values are close to 80-90%.  420 

 421 
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 422 

Figure 3: Noisy profiles of (a) attenuated molecular backscatter (AMB), (b) attenuated particulate backscatter (APB), (c) total 423 
attenuated backscatter (ATB), and (d) scattering ratio (SR, see Section 2.4). Nadir observation geometry, modeling for 355 nm. 424 
The cloud scene numbers on top of the plot correspond to the first column of Table 1. For each scene, the first half is shown for 425 
nighttime conditions, and the second half – for daytime conditions (SZA=45). 426 

https://doi.org/10.5194/egusphere-2026-6375
Preprint. Discussion started: 26 October 2026
c© Author(s) 2026. CC BY 4.0 License.



14 

 

 427 

Figure 4: Same as Fig. 3, but for zenith-viewing geometry. 428 

  429 
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 430 

Figure 5: Comparison of zenith and nadir viewing geometries using SR1 (Eq. (9)) and SR2 (Eq. (10)) definitions. The absence of 431 
SR2 curves for some scenes means that the SR2 values in these cases are beyond the axis limits (unphysical values, Sect. 2.4).  432 

 433 

Figure 6: Comparability score values calculated for all scenes. Left: CS values estimated for SR1 (Eq. (9)), non-HSRL lidar; mid-434 
dle: CS values estimated for SR2 (Eq. (10)), HSRL lidar; right: CS values estimated for the 𝜷𝐩𝐚𝐫𝐭(𝒛) retrieved in nadir and zenith 435 
geometries.  436 

 437 
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 438 

Figure 7: Comparison of zenith and nadir viewing geometries using the 𝜷𝐩𝐚𝐫𝐭(𝟑𝟓𝟓𝐧𝐦, 𝒛) profiles retrieved in zenith and nadir 439 
geometries. The absence of the 𝜷𝐩𝐚𝐫𝐭(𝟑𝟓𝟓𝐧𝐦, 𝒛) nadir curve for opaque Ci scene means a failed retrieval in this case.  440 

4. ATLID to IPRAL comparisons 441 

To validate the theoretical conclusions from Section 3, we examine actual ATLID/IPRAL collocations from 2024−2026. The 442 
specifications of ATLID instrument used in calculations below can be found in Table 1 of Feofilov et al. (2023). The IPRAL 443 
setup is described in the next section. 444 

4.1. IPRAL 355 nm lidar and its data processing 445 

IPRAL is a high-performance, multi-wavelength lidar deployed at the Site Instrumental de Recherche par Télédétection 446 
Atmosphérique (SIRTA) observatory (Haeffelin et al., 2005) in Palaiseau, France (48.71°N, 2.21°E). The system is capable 447 
of measuring multiple elastic and inelastic (Raman) channels (Alraddawi et al., 2025) across six wavelengths (355, 387, 448 
408, 532, 607, and 1064 nm). However, for the validation of ATLID, we use exclusively the 355 nm elastic channel in order 449 
to match the operating wavelength of the spaceborne instrument. At 355 nm, IPRAL measures both the co-polarized (paral-450 
lel) and cross-polarized (perpendicular) components of the backscattered signal using analog and photon-counting detection 451 
modes for each channel. 452 
The IPRAL emitter utilizes a high-power Nd:YAG laser that emits laser pulses at 355, 532, and 1064 nm with an energy of 453 
approximately 120 mJ per pulse at 355 nm. The beams are directed into the atmosphere through a series of mirrors and an 454 
Achromatic Beam Expander. For the reception, the IPRAL system uses two telescopes to collect the backscattered signal: a 455 
Far-Range Telescope with a 60 cm diameter, and a Near-Range Telescope with a 20 cm diameter. The collected light then 456 
passes through a series of filters to separate each wavelength, followed by neutral density filters that control the signal in-457 
tensity. Finally, the signals are detected by Photomultiplier Tubes (PMT), which output two simultaneous data streams: an 458 
analog signal and a photon-counting signal; the exceptions are the 1064 nm channel (avalanche photodiode, analog only) 459 
and the 607 nm channel (photon-counting only), neither of which is used in this work. 460 

The optical configuration yields a total of 6 distinct raw signals at 355 nm, corresponding to the combinations of the two 461 
telescope ranges (Far/Near), the polarization states (parallel/perpendicular), and the two acquisition modes (analog/photon-462 
counting). The processing chain from L0 to calibrated Level 1 and Level 2 products used in this work is described in Had-463 
douche and Feofilov (2026a), and here we provide only the key elements of this chain. 464 

First, the raw 355 nm signals are background-subtracted and range-corrected to obtain range-corrected signal RCSi(z) for 465 
each of the four far-range channels (parallel/perpendicular × analog/photon-counting). Calibration into physical units pro-466 
ceeds by fitting each channel, over clear-sky range gates only, against the theoretical molecular backscatter ATBmol(z) com-467 
puted from the co-located Trappes radiosonde profiles in accordance with Eq. (8). Next, for each channel we solve for a 468 
multiplicative coefficient k (lidar constant) and a residual background offset Δ using a two-step procedure. First, N random 469 

https://doi.org/10.5194/egusphere-2026-6375
Preprint. Discussion started: 26 October 2026
c© Author(s) 2026. CC BY 4.0 License.



17 

 

pairs of altitude points (~100) are drawn from two clear-sky windows, and kᵢ and Δᵢ are computed analytically for each pair 470 
i = 1, …, N; the sample means give an initial estimate (k₀, Δ₀). This estimate then serves as the starting point for a Nelder–471 
Mead minimization, which refines k and Δ to minimize the mean absolute percentage error between k  {RCS(z) − } and 472 
ATBmol(z). 473 

A critical step at this stage is the correction of polarization cross-talk in the polarizing beam splitter: because the true per-474 
pendicular signal is only 0.4% of the parallel one in clear sky (e.g. She and Baumgartner, 2022), even a percent-level optical 475 
leakage from the parallel into the perpendicular channel is enough to dominate the latter. We solve the 2×2 cross-talk sys-476 
tem using two independent reference depolarization values: the molecular depolarization coefficient, and a mean depolariza-477 
tion cirrus value obtained from one year of CALIOP observations of the Palaiseau region, equal to 0.3±0.05. This approach 478 
yields the calibration coefficients without any physical manipulation of the instrument, e.g. rotation of the half-wave plate 479 
as required by the classical ±45 method (Freudenthaler et al., 2009; Freudenthaler, 2016). 480 

The calibrated analog and photon-counting profiles are then merged over the range where the two profiles match, yielding a 481 
single calibrated profile for each polarization channel. The merged parallel and perpendicular profiles are finally summed to 482 
give the total attenuated backscatter ATB(z), which constitutes the IPRAL Level 1 product used below. 483 

Finally, Level 2 particle backscatter 𝛽𝑝𝑎𝑟𝑡 is derived through the Klett–Fernald–Sasano backward inversion (Ansmann and 484 
Müller, 2005). Profiles are first averaged to improve the ATB signal-to-noise ratio (5 profiles for nighttime cases and 10 for 485 
daytime cases). The inversion is then applied starting from a clear-sky reference altitude, assuming an aerosol lidar ratio 486 
appropriate to the observed scene, selected in the range 30−50 depending on the case. The two polarization channels are 487 
inverted separately and summed; the limits of this approximation, the full derivation, the calibration method, and the numer-488 
ical implementation are given in the companion technical note (Haddouche and Feofilov, 2026a).   489 

We estimate random uncertainty empirically rather than propagating it analytically through the full chain; the merge of the 490 
analog and photon-counting signals mixes two different noise regimes, so the resulting uncertainty no longer admits a sim-491 
ple closed form. For each profile, we subtract a running mean from the range-corrected signal to isolate the high-frequency 492 
residual, then scale its RMS with the smoothed signal to obtain a noise estimate that grows with signal strength, as expected 493 
for a shot-noise-limited detector; we use this approach for 𝐴𝑇𝐵(𝑧), 𝑆𝑅1(𝑧), and 𝛽𝑝𝑎𝑟𝑡(𝑧). Within the cloud layer, we delib-494 
erately hold the error at its value at the 𝑆𝑅1(𝑧) or 𝛽𝑝𝑎𝑟𝑡(𝑧) peak rather than letting it evolve further: for the zenith-viewing 495 
(ground-based) profile, we carry the peak error upward above the peak, whereas for the nadir-viewing (spaceborne) profile, 496 
we carry it downward below the peak. 497 

4.2. Profile selection: correlation as an objective criterion 498 

For the typical distances involved in spaceborne-to-ground-based lidar collocations, an inhomogeneous scene can make 499 
direct intercomparison difficult: minimizing spatiotemporal distance alone does not guarantee that ATLID and IPRAL sam-500 
ple the same atmospheric structure: under a heterogeneous cloud, the closest overpass in space and time can still pair two 501 
genuinely different scenes. To address this, among the candidate ATLID profiles and IPRAL averaging windows around a 502 
given overpass, we select the pair that maximizes the Pearson correlation coefficient ρ between the two vertical profiles, 503 
following the approach used for spaceborne–ground collocations of SABER and a mesospheric lidar (Feofilov et al., 2012). 504 
This raises a natural question: how large a correlation can arise simply by chance, between two profiles that do not in fact 505 
sample the same air mass? 506 

We address this with a decomposition of the compared profiles into background, cloud, and noise contributions (Appendix 507 
A). For a semi-transparent scene sampled at ATLID's vertical resolution, the argument gives a one-sided probability of 508 
about 12% that a correlation as high as our selection threshold (correlation coefficient  > 0.9) arises between two profiles 509 
that do not represent the same cloud, under conservative assumptions for the background correlation and the cloud's effec-510 
tive degrees of freedom (DOF). In other words, roughly one pair in nine could still produce a spuriously high correlation by 511 
chance; in the other eight cases the matched pair genuinely represents the same cloud, displaced horizontally between the 512 
ATLID and IPRAL measurements. The estimate indicates that the correlation-maximization criterion is not a mere curve-513 
fit: a high correlation between two genuinely different air masses remains possible, but is statistically disfavored. 514 

To illustrate the validity of maximizing the correlation coefficient search approach, we performed a test using real data from 515 
IPRAL and ATLID. For “null-distributions”, we took the mismatched-date collocations (D0±3) in the same geographic area 516 
(∆𝑙𝑎𝑡 < 2°; ∆𝑙𝑜𝑛 < 10°) whereas the true collocations (D0) were our standard collocations explained in details in the next 517 
section. For the reference IPRAL profile, we identified the cloud layer using the following set of rules: (a) the cloud layer(s) 518 
should lay between 3000m and 18000m to exclude any overlapping effects, low-level thick clouds, and noise effects; (b) the 519 
layer is defined from the 100pt smoothed SR1(z) profile calculated for IPRAL (Eq. (9)); (c) for this profile, the position of 520 
its maximal value 𝑆𝑅1𝑚𝑎𝑥 is searched as well as the two positions at half of the maximum; (d) the upper and the lower 521 
limits are calculated as doubled values of the height difference between the maximum and each of these half-maximum 522 
positions, added to (upper limit) or subtracted from (lower limit) the position of the SR1(z) maximum; 𝑆𝑅𝑒𝑑𝑔𝑒  is the SR1(z) 523 
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value at these limits; (e) the prominence value 𝑃𝑟 calculated as 𝑃𝑟 = (𝑆𝑅1𝑚𝑎𝑥  − 𝑆𝑅1𝑒𝑑𝑔𝑒) 𝑆𝑅1𝑚𝑎𝑥⁄  should be greater than 524 
0.3. 525 

The latter criterion is necessary: for 𝑃𝑟 < 0.3 an increasing fraction of reference windows are weakly structured or flat, so 526 
that the correlation maximum search might lead to false matches. We tested two null distributions: for the first one, we 527 
performed the same correlation maximum search as for the true collocations. For the second one, we just picked up a ran-528 
dom profile from the collocated subset. These two null distributions serve different purposes. The search-and-maximize null 529 
reproduces the exact procedure used to select D0 matches, and therefore gives the relevant false-discovery rate for the 530 
method as actually applied. The single-draw random null distribution omits this search step. Comparing it to the first one 531 
will show how the search itself, rather than mere spatiotemporal proximity, inflates the apparent correlation between unre-532 
lated profiles. 533 

Table 2: Empirical false discovery rate (FDR) as a function of the prominence threshold 𝑃𝑟 and correlation coefficient 534 
threshold 𝜌𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 . The hit rate is the fraction of cases in which the best-matched pair has  𝜌 ≥ 𝜌𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 , among the cases 535 
with a reference-window prominence greater than or equal to corresponding 𝑃𝑟 value. D0 stands for the true collocations hit 536 
rate at the day of the collocation, Null stands for the hit rate for the unrelated days, Enrichment column represents the ratio 537 
between D0 hit rate and null hit rate, FDR is the ratio of the Null to the D0 hit rate (equal to 1/Enrichment). Sample sizes 538 
ranged from N(D0)=23 to 90 across the tested 𝑃𝑟 values; the single-draw random-null hit rate remained at or below ~1% 539 
throughout. 540 

Screening thresholds Match-rate statistics 

Pr 𝜌𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑  D0 [%] Null [%] Enrich [x] FDR [%] 

0.3 0.7 84.1 29.4 2.86 35.0 

0.3 0.8 52.4 14.2 3.68 27.2 

0.3 0.9 7.9 1.3 6.13 16.3 

0.4 0.7 85.4 17.0 5.03 19.9 

0.4 0.8 56.1 10.6 5.32 18.8 

0.4 0.9 12.2 1.8 6.65 15.0 

0.5 0.7 84.6 17.6 4.80 20.8 

0.5 0.8 59.0 11.0 5.38 18.6 

0.5 0.9 12.8 1.9 6.73 14.9 

0.6 0.7 84.4 16.1 5.24 19.1 

0.6 0.8 59.4 9.4 6.29 15.9 

0.6 0.9 12.5 2.2 5.63 17.8 

0.7 0.7 87.0 17.1 5.07 19.7 

0.7 0.8 65.2 11.4 5.71 17.5 

0.7 0.9 17.4 2.9 6.09 16.4 

Repeating the comparison for other prominence thresholds yields consistent results (Table 2): D0 exceeds ρ=0.8 in 52–65% 541 
of cases, against 9−14% for the search-and-maximize null and 1% for the single-draw random null. This near-absence of 542 
high correlation under random pairing suggests that the search-and-maximize null is the appropriate, conservative baseline. 543 
The search step can inflate apparent correlation between unrelated profiles through ordinary multiple-comparisons effects, 544 
which is exactly why FDR is benchmarked against it rather than against single-draw random pairing. The D0/search-and-545 
maximize gap itself holds across the full correlation distribution (Kolmogorov–Smirnov test, p<10−15 at every prominence 546 
value tested), though a stricter correlation threshold is needed to compensate when the reference window is weakly struc-547 
tured. Analyzing Table 2, we conclude that the tradeoff between sample size and comparison quality lies near a prominence 548 
value of 0.3−0.4 and 𝜌𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 ≈ 0.8. For these values, the enrichment is about 5 and the false discovery rate is about 20%. 549 
This value is somewhat higher than the theoretical estimate made in the first half of this section; one plausible explanation is 550 
an overestimation of the effective DOF in Eq. (A5), since not all the cloud peaks are characterized by a well-developed 551 
internal structure. Still, the empirical null-hypothesis test made here indicates that the maximal correlation coefficient search 552 
method is valid in approximately 80% of cases and if one wants to increase this ratio, one should search for the structures 553 
with high DOF values (e.g. two peaks, mixture of slopes, and so on). 554 

We also explored improving the method by identifying the common air mass independently, tracking cloud structures be-555 
tween the ATLID overpass and SIRTA with 15 min geostationary imagery from the Spinning Enhanced Visible and Infra-556 
Red Imager (SEVIRI) via block matching, following the wind-advection logic of aerosol trajectory-matching studies (Lopes 557 
et al., 2013; Tesche et al., 2013). The method returns a time shift for the IPRAL averaging window and the coordinates of 558 
the matching track point. SEVIRI senses only cloud-top motion, which limited the results, so we do not pursue the approach 559 
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here. It remains a promising complement to the correlation-maximization search above and we leave its evaluation to future 560 
work. 561 

4.3. EarthCARE/ATLID and SIRTA/IPRAL collocation and scene screening  562 

First, we identify ATLID overpasses within a 300 km diameter search region centered on SIRTA (following the collocation 563 
approach explored in Haddouche, 2025); given EarthCARE's sun-synchronous orbit, this typically yields 10–13 overpasses 564 
per month, occurring at one of two near-fixed local times: 14:00 UTC and 01:00 UTC. Out of these overpasses, only a 565 
fraction has coincident ground-based data, because IPRAL does not operate continuously; it is shut down during precipita-566 
tion, maintenance, and whenever aircraft overfly SIRTA. Overall, for the period considered, the acquisition rate is about 567 
54%. For a genuinely close overpass, spatial mismatch and cloud advection become negligible; an example of this regime is 568 
the case reported in Baars et al. (2026) where the horizontal distance between the two beams was 0.26 km. However, our 569 
collocations mostly fall within 10−100 km overlap window, so the correlation-based window selection described in Section 570 
4.2 is required to identify the comparable pair of profiles. 571 

In the next step, we exclude scenes that are optically opaque. This restriction follows directly from the simulation results of 572 
Section 3: an opaque layer extinguishes the signal before it reaches the ground (or the satellite, depending on viewing ge-573 
ometry), so neither 𝑆𝑅(𝑧) nor 𝛽𝑝𝑎𝑟𝑡(𝑧) can be used for the comparison. Retaining only optically thin to semi-transparent 574 
scenes therefore follows directly from the comparability criteria established earlier in the paper. The next filtering step is 575 
related to the shape of the ground-based lidar 𝑆𝑅(𝑧) and its agreement with the ATLID’s 𝑆𝑅(𝑧) profile: at this step, we use 576 
the ATLID’s 𝛽𝑝𝑎𝑟𝑡(𝑧) and 𝛼𝑝𝑎𝑟𝑡(𝑧) profiles and feed them to forward simulator (Eq. (6)) to obtain a zenith-geometry 577 
𝑆𝑅(𝑧), which is directly comparable with ground-based lidar. This is an important conversion, and without it, the “native” 578 
geometry 𝑆𝑅(𝑧) might skew the shape (see Fig. 5) and the selection will prioritize a wrong shape. In accordance with previ-579 
ously found thresholds (Sect. 4.2), we do not consider the cases, for which the best pair of profiles yielded 𝜌 < 𝜌𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 , 580 
and we also skip the cases with prominence less than 0.3. In addition, we filter out the cases with low DOF values because 581 
these cases are prone to false mismatches (e.q. just a single-point peak or a peak without any features). Overall, these filter-582 
ing steps leave us just a few profiles to be compared, but we are armed with a theoretical and experimental evidence that the 583 
cases passing these strict selection criteria correspond to an apple-to-apple comparison. We stress here that the selection is 584 
not based on the absolute values of the profiles (cherry-picking). Up to this moment, we operated only with the correlation 585 
coefficient and comparability score criteria. In the next section, we show several representative colocation cases, each of 586 
which illustrates a specific atmospheric scene and its projection to lidar variables.  587 

4.4. Case studies: agreement and disagreement between IPRAL and ATLID L2 588 

Table 3 lists the parameters of the four scenes and the corresponding variables; for each case it gives the identified cloud 589 
type, its vertical extent, and the correlation, prominence and CS metrics used to characterize the level of agreement between 590 
IPRAL and ATLID L2. The selected cases span the range of behaviors observed in the broader collocation dataset. The first 591 
case (2025-02-16) is a semi-transparent cirrus with close agreement between the instruments, which makes it our reference 592 
case. The second (2025-03-04) is a semi-transparent altostratus with a systematic amplitude offset. The third (2025-06-11) 593 
is a three-layer scene with partial, layer-dependent agreement. The fourth (2025-07-04) is a subvisible cirrus, for which a 594 
low prominence score understates a genuinely well-matched retrieved backscatter profile. We discuss each case individually 595 
below. For each case, Appendix B additionally shows the spatially/temporally averaged pairs and pairs closest-in-596 
space/time and the, to make explicit what is the added value of the correlation-maximization step described in Sect. 4.2 597 
versus these simpler alternatives.  598 
Figures 8−11 compare the scattering ratio computed independently in each instrument's native viewing geometry (panel a) 599 
against the retrieved particle backscatter 𝛽𝑝𝑎𝑟𝑡(𝑧) (panel b). Contrary to the selection step above, we use native geometry to 600 
illustrate our findings summarized in Fig. 6. We show a limitation of the SR1-based comparison (Eq. (9)) that the 𝛽𝑝𝑎𝑟𝑡(𝑧) 601 
comparison largely avoids: SR1 depends on the attenuation along the optical path, which differs between zenith and nadir 602 
viewing geometries, and can therefore appear degraded even if the profile is normalized by its own molecular reference (Eq. 603 
(8)). This problem might be overcome if the 𝐴𝑀𝐵(𝜆, 𝑧) profile is measured (Eq. (7)), but it is not available for IPRAL 604 
because it is not an HSRL instrument. In contrast, the 𝛽𝑝𝑎𝑟𝑡(𝑧) profile already accounts for layer-by-layer attenuation, so 605 
the 𝛽𝑝𝑎𝑟𝑡(𝑧) comparisons are expected to give closer results. 606 
  607 
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Table 3: Summary of ATLID/IPRAL collocation cases discussed in Section 4.4. Cloud top and base altitudes are taken from 608 
the IPRAL peak-detection window; 𝜏𝑐𝑜𝑙 is the integrated optical depth in the column; Pr and 𝜌 are the prominence and 609 
Pearson correlation coefficient of the selected best-match pair; 𝐶𝑆𝑆𝑅1 and 𝐶𝑆𝛽 are read from the left and right tables of Fig.6 610 
for the simulated scene closest to the observed one; ∆𝑑𝑖𝑠𝑡 and ∆𝑡𝑖𝑚𝑒 correspond to the best pair of measurements. Ci, As 611 
and Sc denote cirrus, altostratus and stratocumulus; Semi-tr. and Subvis. denote semi-transparent and subvisible. 612 

Date Day/ 

night 

Cloud type Cloud  

base [m] 

Cloud 

top [m] 

𝜏𝑐𝑜𝑙  Pr 𝜌 𝐶𝑆𝑆𝑅1 
[%] 

𝐶𝑆𝛽 

[%] 

∆𝑑𝑖𝑠𝑡 
[km] 

 

∆𝑡𝑖𝑚𝑒 

[h] 

2025-02-16 Day Semi-tr. Ci 8500 11500 0.91 0.92 0.95 35 82 134 2.2 

2025-03-04 Day Semi-tr. As 5000 7600 1.25 0.96 0.96 41 71 171 0.6 

2025-06-11 Night Thin (Ci+Sc) 9500 14000 0.59 0.79 0.97 52 94 241 0.8 

2025-07-04 Night Subvis. Ci 9000 12000 0.21 0.33 0.93 67 95 52 0.5 

 613 

 614 

Figure 8: ATLID/IPRAL collocation for 2025-02-16, (the best ATLID profile is 134 km from SIRTA): (a) Scattering ratio in na-615 
tive (zenith) geometry for IPRAL (black) and native (nadir) geometry for ATLID (red); (b) particle backscatter 𝜷𝒑𝒂𝒓𝒕(𝒛) for the 616 
same profiles. Error bars show the empirically estimated 1σ random uncertainty (Sect. 4.1). 617 

We start the discussion of the SR1(𝑧) and 𝛽𝑝𝑎𝑟𝑡(𝑧) profile agreement and disagreement across the spaceborne and ground-618 
based lidars with the case shown in Fig. 8 (daytime ATLID overpass on 2025-02-16). We observe a semi-transparent cirrus 619 
layer in the absence of clouds below and above it. The total column opacity 𝜏𝑐𝑜𝑙 ≈ 0.9, and both instruments can observe 620 
the whole atmospheric column without attenuation of the backscattered signal. Both the SR1(𝑧) and 𝛽𝑝𝑎𝑟𝑡(𝑧) panels show 621 
that the cloud layer is detected between ~9.5 km and ~11.3 km by both lidars. But the agreement differs between the two 622 
variables. For SR1(𝑧), the peak estimated from the space-borne observation appears shifted upwards, whereas the lower 623 
shoulder estimated from the zenith observation starts earlier. This is expected and is explained by attenuation effects. On the 624 
contrary, 𝛽𝑝𝑎𝑟𝑡(𝑧) profiles better agree in the position of the peak and in the shape of its shoulder, in full agreement with the 625 
estimates made above. With high CS score values (82), prominence value of 0.92, and reasonably extended structure, we 626 
would call this comparison a “recommended reference case” for similar collocated studies. The two 𝛽𝑝𝑎𝑟𝑡(𝑧) curves agree 627 
within their 1σ uncertainties over the full peak and both shoulders, which is consistent with the high CS score and a moder-628 
ate spatiotemporal overlap of this case.   629 

The next case (Fig. 9) corresponds to a single mid-level layer, which we attribute to semi-transparent altostratus cloud with 630 
a total opacity of 1.25. This layer is thicker than that in the previous example, and it clearly shows on the SR1(𝑧) panel: 631 
the native SR peaks differ by more than a factor of two between instruments, and the peak positions are not the same. At the 632 
same time, the retrieved 𝛽𝑝𝑎𝑟𝑡(𝑧) profiles agree much better: the absolute values differ by 15−20%, and the peak position 633 
differ by 200m compared to 320m in Fig. 9a. Above 6.5 km, the 𝛽𝑝𝑎𝑟𝑡(𝑧) shapes start to diverge, with the ground-based 634 
profile falling off less rapidly than the spaceborne one, that might be explained both by a physical distribution of the cloud 635 
particles and by the retrieval issues in optically thickening medium. The case retains a high shape correlation (𝜌 = 0.96) 636 
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and the highest prominence in the set (𝑃𝑟 = 0.96), but its CS value is lower than in the previous case (71 vs 82), and this is 637 
consistent with the observed behavior of the 𝛽𝑝𝑎𝑟𝑡(𝑧) curves. 638 

The two 𝛽𝑝𝑎𝑟𝑡(𝑧) peaks in Fig. 9b do not agree within their 1σ uncertainties, whereas the profiles converge below the peak. 639 
The 200m offset noted above between the two peak altitudes is an indicator, rather than the cause, of this disagreement: it 640 
points to an imperfect air-mass match, with the cloud most probably evolving somewhat between the ATLID overpass and 641 
the IPRAL measurement, displacing the peak altitude by the time the two instruments sampled it. With respect to future 642 
validation studies, this kind of clouds is acceptable for L2 comparisons, but is completely inacceptable for L1 cases unless 643 
the 𝐴𝑀𝐵(𝜆, 𝑧) profile is available for both instruments and SR2(𝑧) can be built (Eq. (10)). 644 

 645 

 646 

Figure 9: Same as Fig. 8, but for 2025-03-04, (the best ATLID profile is 171 km from SIRTA)  647 

The third case shown in Fig. 10 is the most interesting one in the series because it covers several topics, from spatial varia-648 
bility to physical observability. It is a three-layer scene, which is composed of two thin cirrus clouds and one thin stratocu-649 
mulus cloud with a total column opacity of about 0.59. As in two previous cases, this makes the scene observable for both 650 
lidars. The agreement between the profiles depend not only on the type of the profile (scattering ratio or backscatter), but 651 
also on the layer. In Fig. 10a, the (SR1−1) value for the uppermost peak at 13 km differs by 40%, whereas for the second 652 
peak at 10km the differ is by a factor of 6, and the lowermost layer is invisible for ATLID in this representation. In Fig. 10b, 653 
the first peak differs by 20%, the second peak differs by the factor of 2, and the lowermost layer shows the comparable 654 
cloud characteristics. Considering the large distance between the best collocated profiles, we should note that most probably 655 
the explanation of the similarities and differences observed on this plot lies in different characteristics of the layers: the 656 
uppermost was the most stable both in space and time, and it did not change much while travelling from the ATLID’s track 657 
to IPRAL’s location whereas the second one partially dissipated. An indirect proof of the latter statement is the absence of 658 
an intermediate peak at 11.4km for ATLID. Overall, this case shows a very close scene with three distinct features (and, 659 
therefore, a big DOF value), but it is not 100% the same. Within the two thin cirrus layers, the retrieved curves agree with 660 
each other within their 1σ uncertainties; the greyed-out layer is excluded from this comparison for the reasons given above 661 
rather than for exceeding the uncertainty budget. With respect to future validations, the cases of this kind are recommended 662 
to be treated with care, and if the vertical structure of some features is not reproduced, then these features should be exclud-663 
ed from the comparison. 664 

Finally, in Fig. 11 we show the case, that scored the worst on 𝜌 and 𝑃𝑟 diagnostics (0.93 and 0.33, respectively), but which 665 
is still interesting and promising for validations. A subvisible cirrus cloud with 𝜏𝑐𝑜𝑙 ≈ 0.2 is the thinnest and closest-666 
overpass case in the set. Native ATLID SR profile is dominated by spurious, noise-like fluctuations, especially below 11.5 667 
km (Fig. 11a), and the peak is barely distinguishable from noise level. However, the ATLID’s retrieval algorithms manage 668 
to suppress the noise effects and the retrieved cloud layer peaking at 11.2 km is reproduced with close agreement both in 669 
magnitude and in the altitude. It is the cleanest single-layer match of the set that is probably related to the spatiotemporal 670 
closeness of the compared profiles. The retrieved 𝛽𝑝𝑎𝑟𝑡(𝑧) curves agree within their 1σ uncertainties over the whole layer, 671 
consistent with this being the cleanest single-layer match of the set. Validation-wise, the cases of this type are good candi-672 
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dates for the future comparisons. Across all four cases, the retrieved particle backscatter profiles comparisons show system-673 
atically closer ground-based/spaceborne lidar agreement than the native-geometry scattering ratio comparisons, regardless 674 
of cloud type, optical depth, or overpass distance. In all four cases, the difference between the SR1(𝑧) and 𝛽𝑝𝑎𝑟𝑡(𝑧) compar-675 
isons has the same origin. SR1(𝑧) carries the attenuation history of each viewing geometry, which cannot be separated from 676 
the layer signal, whereas 𝛽𝑝𝑎𝑟𝑡(𝑧) is a product of the retrieval algorithm, which removes everything not related to the prop-677 
erties of the local layer. In addition to this common origin, the four cases isolate distinct sources of divergence: differential 678 
attenuation along the zenith versus nadir optical path degrading SR1 agreement (Fig. 8); the same attenuation effect aggra-679 
vated by larger optical thickness leading to much stronger amplitude and shape difference (Fig. 9); layer-dependent agree-680 
ment in a multi-layer scene, where large spatial separation between collocated profiles correlates with the evolution of cer-681 
tain layers (Fig. 10); and the instrument noise noticeable for a subvisible cloud and degrading SR1 comparison (Fig. 11). 682 

At the same time, the closest and averaged pairs for these same four cases (Appendix B) do not provide satisfactory agree-683 
ment, except, perhaps, the closest case of the 2025-07-04 that is the smallest-separation case in the set. For 2025-03-04, the 684 
closest pair falls on an ATLID record with no corresponding IPRAL structure, and the averaged pair only partially recovers 685 
the shape. For 2025-02-16 and 2025-06-11, the averaging procedure mixes in structure unrelated to the matched layer, de-686 
grading the profile agreement below what the closest pair alone achieves. Summarizing, these cases support this paper’s two 687 
central methodological arguments: (1) optically thinner cases are preferable for SR1(𝑧) comparison and (2) ) 𝛽𝑝𝑎𝑟𝑡(𝑧) com-688 
parison is a more robust diagnostic of space-borne-to-ground-based lidar agreement than SR1(𝑧). Another important obser-689 
vation is that the comparison results are in line with the CS scores obtained in the simulation chain. Across the four cases, 690 
the retrieved 𝛽𝑝𝑎𝑟𝑡(𝑧) profiles agree within their propagated 1σ uncertainties wherever the underlying layer is optically thin 691 
to semi-transparent and has not evolved between overpass and measurement; the one exception is Case 2's peak, where an 692 
≈200m altitude offset indicates an imperfect air-mass match rather than underestimated uncertainty or retrieval error. These 693 
findings allow us to formulate a set of recommendations for space-borne-to-ground-based lidar validations outlined in the 694 
next section. 695 

 696 

 697 

Figure 10: Same as Fig. 8, but for 2025-06-11, (the best ATLID profile is 241 km from SIRTA). Despite the qualitative similarity, 698 
the layer between 9500m and 11500m is greyed out as not comparable due to different dynamics for 3 layers.  699 

 700 
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 701 

Figure 11: Same as Fig. 8, but for 2025-07-04, (the best ATLID profile is 52 km from SIRTA)  702 

Table 4: Optical depths 𝜏𝐼𝑃𝑅𝐴𝐿  and 𝜏𝐴𝑇𝐿𝐼𝐷  of the cloud layers of the four cases of Table 3, with their uncertainties defined 703 
from the empirical noise estimate according to Sect. 4.1. Note the difference of column (Table 3) and layer values for 2025-704 
07-04.  705 

Date Layer Base-top [m] 𝜏𝐼𝑃𝑅𝐴𝐿  ∆𝜏𝐼𝑃𝑅𝐴𝐿  𝜏𝐴𝑇𝐿𝐼𝐷 ∆𝜏𝐴𝑇𝐿𝐼𝐷 

2025-02-16 Ci 8000−12400 9.3e-1 1.5e-2 8.7e-1 2.7e-1 

2025-03-04 As 5250−7550 1.3e0 1.2e-2 1.0e0 2.7e-1 

2025-06-11 Sc (low) 1000−4000 9.5e-2 2.5e-3 1.0e-1 7.1e-2 

2025-06-11 Ci (middle) 9500−11400 5.8e-1 8.4e-3 2.5e-1 5.5e-2 

2025-06-11 Ci (upper) 12600−13500 6.1e-2 6.4e-3 3.5e-2 1.5e-2 

2025-07-04 Ci 9500−11600 4.9e-2 6.6e-4 4.3e-2 1.0e-2 

 706 

In Table 4, we quantify the bulk agreement between cloud layers in terms of layer opacity obtained from 𝛽𝑝𝑎𝑟𝑡(𝑧) of both 707 
lidars converted into an extinction coefficient with the same constant lidar ratio of 30 sr and integrated over the layer limits 708 
given in Table 4; the resulting optical depths are therefore a measure of the layer-integrated backscatter, and their ratio does 709 
not depend on the assumed lidar ratio. For the two semi-transparent single-layer cases, the ATLID optical depth is lower 710 
than the IPRAL one by 6% (2025-02-16) and 19% (2025-03-04); both differences are smaller than the 1𝜎 uncertainty of 711 
ATLID, which we consider an upper estimate (Sect. 4.1). The larger difference for 2025-03-04 is consistent with the 712 
15−20% difference in the amplitude of the 𝛽𝑝𝑎𝑟𝑡(𝑧) peaks discussed above. For the subvisible cirrus of 2025-07-04, the two 713 
values (0.049 and 0.043) are also within the uncertainty limits. In the three-layer scene of 2025-06-11, the optical depths of 714 
the low stratocumulus are similar (0.09 and 0.10) and those of the upper cirrus differ by 1.5σ (0.06 and 0.04), whereas for 715 
the middle cirrus ATLID gives less than half of the IPRAL value (0.25 against 0.59). This is in line with our decision to 716 
exclude that layer from the comparison, and with its partial dissipation between the ATLID overpass and the IPRAL meas-717 
urement. Overall, the agreement between the layer optical depths follows the same pattern as the 𝛽𝑝𝑎𝑟𝑡(𝑧) profiles. 718 
  719 
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5. Recommendations for space-vs-ground lidar comparisons 720 

 721 

Figure 12: Recommended scheme and thresholds for space-borne to ground-based comparison. L2-to-zenith means the conver-722 
sion described in Sect. 4.3. The process is repeated for all pairs of ground-based and space-borne profiles passing the preliminary 723 
300km collocation. 724 

The scheme in Fig. 12 formalizes the criteria established throughout this work: spatiotemporal collocation quality alone is a 725 
useful criterion, but it may lead to non-existent matches if it is too strict or to non-comparable profiles if it is too loose. On 726 
the other hand, observing the same cloud scene in the vicinity of the ground-based lidar can be ensured through a set of 727 
rules, which exclude the vertical profiles that do not belong to the same cloud. For optically thin and subvisible clouds, 728 
SR1(z) remains a valid, low-latency diagnostic; beyond a threshold optical depth, zenith-to-nadir attenuation differences 729 
render SR1(z) unreliable regardless of collocation quality, and 𝛽𝑝𝑎𝑟𝑡(𝑧) must be used instead of SR1(z) for apples-to-apples 730 
comparison. We recommend this scheme as a practical starting point for spaceborne-to-ground-based lidar intercomparisons 731 
more broadly; while the specific thresholds defined here may require recalibration for other instrument pairs, the underlying 732 
logic of screening on correlation and profile properties first, then selecting the comparison variable by optical depth, should 733 
remain valid. 734 

6. Conclusions  735 

So, do we see the atmospheric column the same way from space and from the ground, and can we really compare the two 736 
observations apples to apples? Yes, but only under specific conditions. It is needless to say that both instruments should be 737 
altitude-calibrated and free of experimental artefacts. Still, even for a pair of instruments satisfying these requirements a 738 
simple collocation might not give the expected results. First of all, we should distinguish the perfect colocation when both 739 
instruments probe exactly the same atmospheric column at the same time from the more frequent scenario when the 740 
instruments measure close atmospheric scenes and the distribution of the scattering particle for the closest point is not the 741 
same. Second, the opposing viewing geometry combined with optical thickness of the atmospheric column imposes 742 
additional conditions: the atmospheric column should be transparent up to the compared cloud layer for ground-based lidar 743 
and down to this layer for space-borne lidar. Third, if the collocation is not perfect, we need to screen the profiles instead of 744 
matching by proximity. 745 

From the simulation chain we developed and applied to the 15 synthetic cloud scenes, we found that comparability between 746 
zenith and nadir observations is primarily defined by the opposing geometries and to a secondary degree by the daytime or 747 
instrumental noise or sensitivity. The difference in viewing direction increases with optical depth:  for thin and subvisible 748 
layers, two-way attenuation is negligible in either direction, and SR1(z), SR2(z), and 𝛽𝑝𝑎𝑟𝑡(𝑧) agree between geometries; 749 
for semi-transparent and thick layers, the attenuation asymmetry dominates and the SR1(z) profiles diverge even under 750 
perfect overlap. The SR2(z) and especially 𝛽𝑝𝑎𝑟𝑡(𝑧) remain valid diagnostics under these conditions. For thicker clouds, 751 
even the 𝛽𝑝𝑎𝑟𝑡(𝑧) fails to provide a good match. This is consistent with common logic: SR2(z) uses measured molecular 752 
backscatter and tracks the same attenuation path as the total signal, but is HSRL-only and becomes noise-dominated beyond 753 
that regime. SR1(z) doesn’t suffer from highly attenuated value in the denominator, but the difference in geometries make it 754 
valid only below a threshold optical depth. At the same time, the retrieval procedures yielding 𝛽𝑝𝑎𝑟𝑡(𝑧) remove the 755 
geometry-driven asymmetry by construction. The retrieval accounts for attenuation layer by layer, leaving only retrieval-756 
specific limitations (reference altitude, obscured reference layer, assumed lidar ratio) as the residual source of disagreement. 757 
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The comparability score values we introduced in this work confirm this ordering: SR1(z) is comparable only for the thinnest 758 
scenes, SR2(z) extends further, and 𝛽𝑝𝑎𝑟𝑡(𝑧) comparability stays high over the broadest domain except for daytime cloud 759 
observations at 532 nm. 760 

To identify a common air mass under realistic spatiotemporal separation, we proposed a correlation-maximization search 761 
and quantified its false discovery rate against both a theoretical and an empirical null distribution. The empirical test, using 762 
real ATLID/IPRAL mismatched-date collocations, gives a false discovery rate of about 20 % at a correlation threshold of 763 
0.8 and prominence above 0.4. Since this null reproduces the exact selection procedure, the rate includes the inflation of the 764 
apparent correlation by the search itself; the true collocations pass the same criteria about five times more often than 765 
mismatched-date ones. 766 

The four ATLID/IPRAL case studies (Sect. 4.4) match the theoretical predictions: 𝛽𝑝𝑎𝑟𝑡(𝑧) agreement is systematically 767 
closer than native-geometry SR1(z) agreement, and the residual differences are primarily attributable to spatial 768 
decorrelation, cloud evolution, and noise rather than instrumental or calibration artefacts. This is itself a validation result, it 769 
indicates that IPRAL's L2 particle backscatter retrieval is consistent with ATLID's. 770 

For those who plan similar spaceborne-to-ground-based validation campaigns, we propose a practical starting point (Fig. 771 
12): screen candidate collocations on correlation and profile structure before looking at the absolute values, then select 772 
SR1(z) or 𝛽𝑝𝑎𝑟𝑡(𝑧) as the comparison variable according to the optical depth of the scene (use Fig. 6 as a rough estimate 773 
and do not use the scene if its CS is below 50). The specific thresholds given in Fig. 12 were calibrated for the 774 
ATLID/IPRAL pair at 355 nm and should be double-checked before applying to another pair of lidars, especially if the 775 
parameters of the lidars are different. But, the underlying logic should remain the same. Applying these conditions reduces 776 
the number of valid comparisons, but it makes the validation sound. 777 

Appendix A. Theoretical estimate of the false-correlation probability 778 

We restrict the analysis to semi-transparent scenes, for which the compared 𝑆𝑅(𝑧) or 𝛽𝑝𝑎𝑟𝑡(𝑧) profiles can be decomposed 779 
into three additive, mutually independent contributions (𝑆(𝑧) below generalizes the approach for L1 and L2 lidar data): 780 

𝑆(𝑧) = 𝑆𝑏𝑐𝑘(𝑧) + 𝑆𝑐𝑙𝑑(𝑧) + 𝑆𝑛𝑜𝑖𝑠𝑒(𝑧)     (A1) 781 

where 𝑆𝑏𝑐𝑘(𝑧) is a slow changing, well-mixed background contribution (molecular scattering plus a regional aerosol layer), 782 
𝑆𝑐𝑙𝑑(𝑧) is the localized structure of interest, and 𝑆𝑛𝑜𝑖𝑠𝑒(𝑧) includes all noise-related effects including the instrumental noise 783 
and the retrieval uncertainty and represents the parts of the signals, which are completely uncorrelated between the two 784 
instruments. Under these assumptions, the covariance between two compared profiles 𝑆1(𝑧) and 𝑆2(𝑧) reduces to 785 

𝑐𝑜𝑣{𝑆1, 𝑆2} = 𝜌𝑏𝑐𝑘 × 𝜎𝑏𝑐𝑘
2 + 𝜌𝑐𝑙𝑑 × 𝜎𝑐𝑙𝑑

2      (A2) 786 

where 𝜌𝑏𝑐𝑘 and 𝜌𝑐𝑙𝑑  are the correlation coefficients of the background and cloud components between the two profiles, and  787 

𝜎𝑏𝑐𝑘
2  and 𝜎𝑐𝑙𝑑

2  are their standard deviations (assumed equal in both profiles for simplicity). Normalizing by the total vari-788 
ance, and neglecting the noise term (assuming that it is a true noise that is not correlated by definition), gives the following 789 
estimate of the correlation coefficient of two collocated profiles: 790 

𝜌{𝑆1, 𝑆2} = 𝛿 × 𝜌𝑏𝑐𝑘 + (1 − 𝛿) × 𝜌𝑐𝑙𝑑 ;   𝛿 =
𝜎𝑏𝑐𝑘

2

𝜎𝑏𝑐𝑘
2 +𝜎𝑐𝑙𝑑

2     (A3) 791 

For two profiles that do not sample the same cloud structure, the cloud term is essentially decorrelated (𝜌𝑐𝑙𝑑  ≈ 0.0 ± 0.2), 792 
while the background term retains a moderate correlation because it reflects a broad, well-mixed regional field (𝜌𝑏𝑐𝑘 ≈ 0.5). 793 
For a semi-transparent layer, where the cloud and background contributions have comparable amplitudes (≈0.5), Eq. (A3) 794 
gives a "null" correlation that represents the correlation between two unrelated profiles: 795 

𝜌𝑛𝑢𝑙𝑙 = 0.5 × 0.5 + 0.5 × (0 ± 0.2) = 0.25 ± 0.10     (A4) 796 

We now assess whether the probability of a “false correlation” that corresponds to the case when two cloud profiles are 797 
selected using the high correlation coefficient criterion alone (we take only the cases with 𝜌{𝑆1(𝑧), 𝑆2(𝑧)} > 0.9) whereas 798 
they do not represent the same cloud. For this experiment, we take a semi-transparent cloud occupying a 1500m thick layer 799 
that is sampled at ATLID’s vertical step of 100m. Being considered independently, these 15 points would have given 15 800 
“degrees of freedom” (DOF) for our comparison, but in reality, we should account for the fact that adjacent altitude bins are 801 
not independent: they co-vary over the correlation length intrinsic to the cloud structure. For a cloud considered in the ex-802 
ample, the effective DOF is about 5 (1-2 peaks, 2-4 slopes). The approximate standard error of the sample correlation coef-803 
ficient is then 804 
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𝑆𝐸(𝜌) ≈
1−𝜌𝑛𝑢𝑙𝑙

2

√𝐷𝑂𝐹−2
≈ 0.54      (A5) 805 

and the standardized deviation of the observed correlation from the null value, 806 

𝑍 =
𝜌{𝑆1(𝑧),𝑆2(𝑧)}−𝜌𝑛𝑢𝑙𝑙

𝑆𝐸(𝜌)
≈1.2       (A6) 807 

corresponds to a one-sided probability 𝑃(𝑍 > 1.2) ≈ 12%. In other words, roughly one pair in nine could still produce a 808 
spuriously high correlation just by chance. In other eight cases, the matched pair of profiles represents the same cloud which 809 
moved horizontally between the measurements performed by ATLID and IPRAL. This estimate relies on simplified as-810 
sumptions of DOF and 𝜌𝑏𝑐𝑘, but in fact we used rather conservative estimates, and for a scene without a pronounced back-811 
ground and/or with multi-peak cloud structure the one-sided probability P will be even lower.  812 

Appendix B. Closest and averaged collocation pairs 813 

In this section, we show the supplementary figures to the correlation-maximized ("best") collocation pairs shown in 814 
Figs. 8−11 (Sect. 4.4). Figures B1–B4 contain both the spatially/temporally averaged pairs (panels (a) and (b)) and the 815 
closest-in-space/time pairs (panels (c) and (d)) for SR1(𝑧) and 𝛽𝑝𝑎𝑟𝑡(𝑧). Each figure corresponds to one of the four cases 816 
discussed in Sect. 4.4, in the same order. These panels are provided to illustrate that the simpler pairing methods does not 817 
always provide comparable profiles. 818 

 819 

Figure B1. Same collocation date as Fig. 8 (2025‑02‑16), shown for the: (a) 𝐒𝐑𝟏(𝒛) for the averaged pair; (b) 𝜷𝒑𝒂𝒓𝒕(𝒛) for the 820 
averaged pair; (c) 𝐒𝐑𝟏(𝒛) for the closest pair; (d) 𝜷𝒑𝒂𝒓𝒕(𝒛) for for the closest pair.  821 

 822 

Figure B2. Same as Fig. B1, but for 2025‑03‑04 (compare with Fig. 9). 823 
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 824 
 825 

Figure B3. Same as Fig. B1, but for 2025‑06‑11 (compare with Fig. 10). 826 

 827 
 828 

Figure B4. Same as Fig. B1, but for 2025‑07‑04 (compare with Fig. 11).   829 
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Code and data availability 830 

The processing chain used to calibrate the IPRAL 355 nm signals and to retrieve the particle backscatter coefficient (version 831 
1.0) is available at https://doi.org/10.5281/zenodo.23387966 (Haddouche and Feofilov, 2026b) under the MIT license, and is 832 
documented in the accompanying technical note (Haddouche and Feofilov, 2026a). The simulation framework is described 833 
in Sects. 2 and 4.2 and in Feofilov et al. (2023); its code is not publicly released. The lidar simulations use COSP2 (Swales 834 
et al., 2018), an open-source package available at https://github.com/CFMIP/COSPv2.0 under a BSD license. 835 

The ATLID Level 1 and Level 2 data (Baseline BA, NOM_1B and EBD_2A, respectively) were provided by ESA. The 836 
IPRAL profiles, the collocated ATLID and IPRAL profiles, and the data underlying the figures are available from the corre-837 
sponding author upon request. The sources of the radiosonde and model inputs are given in Sects. 2.1 and 4.1. 838 
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