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Abstract.

This work develops a global estimate of vertically resolved cloud droplet number concentration (Nd) by combining reanaly-

sis data, satellite retrievals, ground-based observations, and field campaign measurements. This is accomplished by developing

a neural-network estimator, termed NDnet, that uses satellite-retrieved cloud properties to infer three-dimensional Nd fields.

Training proceeds in two stages, with a prior network first emulating a reanalysis and then being refined using observations5

to impose a global observational constraint. Probabilistic objective functions account for observational and representativeness

errors and provide an explicit estimate of uncertainty in Nd. Applied over the satellite record, NDnet produces a more gradual

decrease of Nd with altitude than suggested by the reanalysis data and higher Nd at high latitudes. The resulting fields also show

substantial vertical heterogeneity, particularly in tropical and subtropical regions and at high altitude. The three-dimensional

Nd dataset can be compared directly with model output and provides a new constraint for evaluating aerosol–cloud interactions10

in atmospheric models.

1 Introduction

Aerosols influence clouds throughout their life cycle. As cloud condensation nuclei, they affect cloud droplet number concen-

tration and size (Seinfeld et al., 2016), while also influencing cloud thermodynamics, optical properties, phase partitioning,

and precipitation (Murray et al., 2012; Gordon et al., 2023). These aerosol–cloud interactions (ACIs) remain an important15

source of uncertainty in weather and climate models (Bangert et al., 2012; Ekman, 2014; Zhang et al., 2016; Bellouin et al.,

2019). Nd is particularly important because it provides a direct link between aerosol activation and cloud properties, control-

ling the magnitude of the cloud response to aerosol perturbations (Grosvenor et al., 2018b; Seinfeld et al., 2016; Song et al.,

2025). Modern atmospheric models represent this link using two-moment and higher-order microphysics schemes that connect

droplet activation to aerosol properties and prognostically represent cloud particles and precipitation (e.g., Barahona et al.,20

2014; Danabasoglu et al., 2020; Guo et al., 2021).

Global observational estimates of Nd, however, remain poorly constrained. The standard approach derives Nd from passive-

sensor retrievals of cloud optical depth and effective radius, under assumptions about the vertical structure and evolution of the
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cloud (Grosvenor and Wood, 2014; Bennartz and Rausch, 2017). These estimates are sensitive to cloud heterogeneity, retrieval

errors, viewing geometry, and the criteria used to select valid pixels (Grosvenor et al., 2018b; Arola et al., 2022; Gryspeerdt25

et al., 2022; Loveridge and Di Girolamo, 2024; Goren et al., 2025). Sampling is particularly important because the conditions

that produce the most reliable retrievals are not representative of all clouds. As a result, different filtering choices can change

the retrieved Nd climatology and the inferred strength of ACIs. Since many observational estimates of aerosol–cloud radiative

forcing rely on satellite-derived Nd, these limitations propagate into estimates of ACI forcing (Jia et al., 2021).

A more fundamental limitation is that clouds are three-dimensional, whereas passive satellite retrievals provide a two-30

dimensional view of cloud-top and column properties. Effective-radius retrievals are radiatively weighted toward the upper part

of the cloud (Platnick, 2000; Grosvenor et al., 2018a), while conventional Nd retrievals assume a simplified, approximately

adiabatic cloud structure and provide a single value representative of the cloud layer. This makes direct comparison with model

profiles ambiguous, because there is no unique pressure or height at which the retrieved Nd should be placed. In situ aircraft

observations, however, show substantial vertical variability in droplet concentration and related cloud and aerosol properties35

(Cai et al., 2022; Mace, 2024). The interpretation of satellite-derived Nd is therefore uncertain outside relatively homogeneous

cloud regimes, limiting its direct use for model evaluation (Song et al., 2025). A vertically resolved estimate of Nd would help

overcome this limitation by providing a more direct basis for comparison with model output.

Machine learning provides a way to combine information that is difficult to represent with a single retrieval equation.

Recent studies have used machine learning to separate aerosol and meteorological controls on Nd (Jia et al., 2023; Chen40

et al., 2022; Irfan et al., 2025; Yu et al., 2022) and to improve retrievals of Nd using a broader set of passive remote sensing

channels (Gonzalez et al., 2025). These approaches can reduce some of the assumptions of conventional retrievals. However

a model trained on simulations inherits information and biases from the physical model used for training. This suggests that

neither simulations nor satellite observations alone provide a complete description of Nd. Instead, they provide complementary

constraints that can be combined with direct observations.45

Here we develop NDnet, a probabilistic estimator of the global three-dimensional distribution of Nd. NDnet combines a

physically based prior derived from the GiOcean coupled aerosol–cloud reanalysis (Song et al., 2025) with MODIS (Moderate

Resolution Imaging Spectroradiometer, Salomonson et al., 1989) retrievals and direct constraints from ground-based sites and

aircraft campaigns. The reanalysis provides vertical and spatial structure that cannot be observed directly from passive satellite

measurements, MODIS constrains the reconstruction with the observed cloud state, and field observations provide independent50

information on Nd. By treating the reanalysis-derived state as a prior rather than as ground truth, this framework allows the

available sources of information to be combined while retaining an estimate of the remaining uncertainty (Barahona et al.,

2024).
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Table 1. Notation.

Symbol Meaning

t Time index (e.g., daily).

x Horizontal grid location (lat–lon cell).

z Vertical coordinate / level (e.g., pressure or model level).

k ∈ K Ground-site index k in the set of sites K.

xk Grid location corresponding to site k.

Nd(t,x,z) Cloud droplet number concentration profile from reanalysis (training target).

Nobs
d (t,k,z) Observed (ground-site) Nd profile at site k.

Nd(z) Long-term mean Nd profile (climatology) used to define anomalies.

N ′
d(t,x,z) Anomaly profile: N ′

d =Nd −Nd.

EOFj(z) jth vertical empirical orthogonal function (EOF) basis function.

J Number of retained EOF modes.

A(t,x) ∈ RJ EOF coefficient vector representing N ′
d(t,x,z).

Aj(t,x) jth component of A(t,x).

A Long-term mean EOF coefficient vector (training climatology).

∆A(t,x) Residual coefficients: ∆A=A−A.

sCOSP(t,x) Simulated satellite retrieval features (COSP) paired with reanalysis for training.

sMODIS(t,x) Actual satellite retrieval features (MODIS) used for long-term inference.

fθ(·) Prior neural network (NDnetprior) with parameters θ, predicting ∆A.

Lxx Training loss (i.e., MSE in coefficient space, Gaussian, gradient penalty) against “xx” target.

∇ Gradient operator used in the gradient-penalty term (applied to outputs and targets consistently).

λxx Weight for the xx-penalty term.

Abase(t,x) Baseline EOF coefficients inferred from MODIS using the prior: A+ fθ(sMODIS).

Asite(t,k) EOF coefficients projected from site observations at site k.

∆Asite(t,k) Site residual relative to baseline: Asite(t,k)−Abase(t,xk).

gϕ(·) Correction head (NDnetcorr) with parameters ϕ.

µ∆A(t,x) Predicted mean correction in coefficient space.

σ∆A(t,x) Predicted standard deviation of the correction in coefficient space (component-wise, positive).

N (·;µ,Σ) Gaussian distribution with mean µ and covariance Σ.

diag(·) Diagonal matrix formed from a vector (diagonal covariance assumption).

Â(t,x) Final EOF coefficients: Â=Abase +µ∆A.

σ̂A(t,x) Final coefficient uncertainty (σ∆A).

N̂d(t,x,z) Reconstructed mean Nd profile from Â and EOFs.

σ̂Nd
(t,x,z) Reconstructed uncertainty of Nd propagated from σ̂A.
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2 Methods and Data

We use machine learning methods to synthesize several data sources into a coherent representation Nd. The data sources55

included a climate reanalisys, ground-based observations, satellite retrievals and field campaign data, as described below.

2.1 Data Sources

2.1.1 The GiOcean reanalysis

GiOcean is a coupled atmosphere–ocean reanalysis built around the NASA GEOS-S2S prediction system (Molod et al., 2020).

Its coupled framework includes the GEOS atmospheric model (Molod et al., 2015), the MOM5 ocean model (Griffies et al.,60

2005), the CICE-4 sea ice model (Hunke, 2008), and a catchment land-surface model (Koster et al., 2005). The atmospheric

component is run at approximately 50 km horizontal resolution, while the ocean uses a resolution of about 25 km. Ocean

observations are assimilated with a Local Ensemble Transform Kalman Filter (Penny et al., 2013). Atmospheric and aerosol

observations are assimilated every 6 h, whereas ocean observations are assimilated every 5 d over the period beginning in

1998. GiOcean follows a weakly coupled assimilation strategy in which the ocean and aerosol states are actively assimilated,65

while the atmospheric state is replayed from the GEOS-IT retrospective forecast (Gelaro et al., 2017). Aerosol assimilation

is performed with the Goddard Aerosol Assimilation System (Buchard et al., 2017), with aerosol transport represented by the

GOCART model (Colarco et al., 2010).

Cloud microphysics in GiOcean is represented with a two-moment scheme (Barahona et al., 2014) that predicts both con-

densate mass and droplet number concentration. This allows aerosol number and composition to affect cloud formation and70

evolution directly and provides an explicit representation of aerosol indirect effects. The scheme follows the microphysical

framework of Morrison and Gettelman (2008), with droplet activation described by Abdul-Razzak and Ghan (2000), ice for-

mation by Barahona and Nenes (2009), and vertical velocity constraints derived from high-resolution simulations (Barahona

et al., 2017). The representation of the droplet size distribution allows the shape parameter (k) to vary with liquid water content

and droplet number concentration following Liu et al. (2008). GiOcean was additionally run with the COSP MODIS simulator75

enabled (Bodas-Salcedo et al., 2008), providing simulated cloud optical depth, cloud fraction and droplet effective radius that

can be consistently compared with MODIS retrievals.

For this study, GiOcean provides daily mean Nd fields on 48 pressure levels and a 1◦ horizontal grid for 1998–2025. Previous

work has shown that its simulated Nd is broadly consistent with current satellite-derived estimates and reproduces observed

long-term variations in Nd (Song et al., 2025). Although Nd itself is not assimilated and remains a product of parameterized80

cloud microphysics, the surrounding atmospheric and aerosol state is constrained by observations. The combination of model

physics, data assimilation, and MODIS-like simulated observations makes GiOcean particularly useful as an initial training

dataset. It provides a first-order, physically based estimate of Nd that can serve as a feature-extracting prior and subsequently

be refined using direct observations. A similar approach has been successfully used in previous work to derive subgrid-scale

dynamics (Barahona et al., 2025).85
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Figure 1. Ground-based sites used for refinement.

2.1.2 Satellite Retrievals

The Moderate Resolution Imaging Spectroradiometer MODIS (Salomonson et al., 1989) is the longest continuous record of

space-based observations of cloud properties, and has been used in several studies to estimate Nd. We use the daily Level 3

gridded MODIS COSP-aligned cloud product MCD06COSP_D3_MODIS as the primary satellite input stream. This dataset

aggregates Terra and Aqua MODIS cloud-mask, cloud-top, and cloud optical retrievals on a 1◦× 1◦ grid in a framework90

intended to facilitate comparisons to climate models and COSP outputs (NASA LAADS DAAC, 2022; NASA Earthdata,

2022; Pincus et al., 2023). Therefore, it is closely aligned with the outputs and retrieval framework of the COSP simulator

implemented in GiOcean (Song et al., 2025).

2.1.3 Ground-based measurements

Ground-based retrievals of Nd are commonly designed to estimate a representative value for the cloud layer rather than its95

vertical profile. For example, the ARM NDROP product derives a layer-constant Nd from cloud optical depth and liquid

water path, while the lidar-based retrieval evaluated by Zhang et al. (2023) estimates Nd close to cloud base. This assumption

performs well for the single-layer marine stratiform clouds but that does not provide an independent constraint on Nd(z).

Because our objective is to constrain the vertical structure of Nd, we instead use Cloudnet sites (Illingworth et al., 2007).

These use a combination of radar, lidar, and microwave radiometry to estimate cloud microphysical properties (Rusli et al.,100
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2017; Frisch et al., 2002). Nd is then inferred from other microphysical variables, i.e., liquid water content, lwc, and droplet

effective radius re, in the form:

Nd(z) =
3

4πρwk

lwc(z)

re(z)3
(1)

where ρw is the water density, z the altitude, and k the droplet dispersion factor. The profiles lwc(z) and re(z) are considered

pseudo-adiabatic, as an initial estimate is done using an adiabatic approximation which is then scaled to match the observed105

liquid water path (LWP), inferred from the microwave radiometry (Frisch et al., 2002). We assume k = 0.8, typical of stra-

tocummulus regions (Grosvenor et al., 2018b). There is some variability in k which may introduce some uncertainty Nd. This

is attenuated as k varies within a narrow range (0.8−1.2) even in very diverse cases like convective and stratocumulus clouds.

The resulting profiles remain retrieval-based and retain uncertainties associated with the assumed droplet size distribution and

retrieved cloud properties, but they do not explicitly impose a vertically constant Nd and are therefore better suited to constrain110

the three-dimensional reconstruction, particularly when taken as an ensemble (Section 2.1.5).

Radar back-scattering is sensitive to the presence of drizzle (Frisch et al., 2002; Zhang et al., 2023) introducing uncertainty

in the estimation of Nd. Compounded with the fact that re is cubed in Eq. 1, this makes Nd overly sensitive to errors in re.

To account for this and minimize the effect of drizzle, only reliable retrievals, that is where the scene was identified as liquid

water with no rain nor ice present, were used. Liquid water content was also limited to below 1 g m−3 to target persistent,115

non-drizzling clouds. Further error can result from uncertainty in the remote sensing retrievals and the estimation of cloud top

height (Albrecht et al., 1990). These are reported as one standard deviation error around the observed mean. Assuming that

errors are independent, and using Eq. 1 they can be propagated to error in Nd in the form,

σN,exp(z) =Nd(z)

√[
σlwc(z)

lwc(z)

]2
+

[
3
σre(z)

re(z)

]2
(2)

where σN,exp, σlwc, and σre denote the experimental uncertainties in Nd, lwc, and re, respectively. Uncertainty associated with120

assumed retrieval parameters, such as the coefficient k, is not treated as an independent measurement error, but rather as part of

the structural uncertainty of the retrieval representation. Uncertainty in Nd is explicitly accounted for during training (Section

2.2).

We selected 30 sites from the CloudNet network (Illingworth et al., 2007), representing a diverse set of meteorological

conditions and cloud formation regimes, as listed in Table 2 and depicted in Fig. 1. Measurements were reported on 30 s125

frequency. In-cloud data were aggregated into daily means. Each vertical profile was represented by an averaged of 10 vertical

levels, and each daily mean included on average, 50-100 vertical Nd profiles. Data was interpolated on 21 pressure levels, from

250 to 1000 hpa using the collocated pressure and height fields from the MERRA-2 reanalysis (Gelaro et al., 2017). Each site

was assigned to the closest GiOcean grid cell on the 1◦ grid. Data for most sites ranged between a few months to a few years.

Experimental error was typically of the order of mean 0.5N̄d signaling significant dispersion on the data (Table 2).130
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Table 2. Site coverage diagnostics and Nd statistics for p > 700 hPa (Nd, error, ϵ, in cm−3). Shown for each site are the number of valid days

(Ndays), mean droplet concentration (Nd), the total (ϵtot, includes subgrid-scale variability) and experimental error ϵexp, Eq. 2) relative to

the mean, respectively, the average number of vertical profiles per 111-km segment (AvgProfiles111km), and the average number of vertical

profiles used per valid day (AvgProfilesDay). Schneefernerhaus is omitted because there are no valid retrieval days for p > 700 hPa.

ID Site Ndays Period Nd ϵtot/Nd ϵexp/Nd AvgProfiles111km AvgProfilesDay

BU bucharest 614 19/05-25/10 161.2 0.47 0.43 25.6 52.0

CB cabauw 618 21/05-25/10 135.2 0.49 0.41 26.2 99.0

CH chilbolton 991 20/02-25/02 133.1 0.54 0.46 15.7 68.1

CJ cluj 144 24/05-25/10 159.9 0.44 0.39 24.9 72.1

ER eriswil 77 22/02-24/02 133.6 0.47 0.43 17.4 37.9

GA galati 442 22/03-25/10 172.5 0.49 0.44 27.0 73.9

GR granada 323 18/09-25/10 143.7 0.45 0.39 17.6 52.3

HY hyytiala 1136 17/11-25/10 191.2 0.48 0.42 18.2 62.2

JU juelich 2265 11/02-25/10 162.7 0.53 0.46 13.8 52.0

KT kenttarova 276 22/08-25/10 153.0 0.45 0.40 22.4 62.7

LA lampedusa 253 24/01-25/10 136.3 0.49 0.44 14.0 49.3

AQ laquila 153 24/05-25/10 126.9 0.46 0.40 15.6 28.3

LP leipzig 787 11/09-25/10 156.3 0.50 0.44 18.1 55.3

LL leipzig-lim 361 20/12-25/02 153.8 0.48 0.42 23.0 79.9

LI limassol 73 16/10-25/10 188.3 0.56 0.52 5.0 9.3

LB lindenberg 1588 12/10-25/10 151.8 0.54 0.49 15.9 54.0

MH mace-head 290 20/10-24/02 162.1 0.62 0.53 9.2 30.9

MD maido 135 22/11-25/10 148.9 0.57 0.50 5.8 9.7

MN mindelo 549 21/09-25/10 119.1 0.42 0.37 17.3 60.8

ML mod-lyneham 34 23/06-23/09 132.3 0.64 0.57 3.5 10.5

MU munich 1105 17/01-25/10 152.5 0.49 0.44 17.4 43.2

NE neumayer 293 23/01-25/10 135.7 0.44 0.41 17.1 37.5

NO norunda 932 19/03-25/10 151.8 0.46 0.41 22.0 67.5

NY ny-alesund 1200 17/05-25/10 155.2 0.44 0.39 20.9 48.2

PA palaiseau 2047 12/04-25/10 148.4 0.62 0.54 8.3 31.5

PO potenza 257 23/08-25/10 169.9 0.49 0.46 11.6 27.7

PU punta-arenas 333 18/11-21/11 164.6 0.51 0.47 8.5 20.5

RM rv-meteor 37 24/08-24/09 179.7 0.69 0.60 11.3 36.0

SA savilahti 52 20/09-20/11 204.0 0.45 0.38 28.3 121.5
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Table 3. Aircraft campaigns used in this study.

Campaign Period Reference Cloud regime Location

E-PEACE 07/11–08/11 Russell et al. (2013) Marine stratocumulus; ship-track

aerosol perturbations

Eastern Pacific off California

FASE 07/16 Sorooshian et al. (2018) Fog and marine stratocumulus Central California coast / NE Pacific

MACAWS 06/18–07/18 Zeider et al. (2024) Marine low clouds with wildfire in-

fluence

Central California coast / NE Pacific

MASE1 07/05 Lu et al. (2007) Marine stratocumulus Off Monterey, California

MASE2 07/07 Lu et al. (2009) Marine stratocumulus Off Monterey, California

VOCALS-REx 10/08–11/08 Wood et al. (2011) Subtropical stratocumulus deck SE Pacific off Chile/Peru

ORACLES 09/16, 10/18 Redemann et al. (2021) Stratocumulus under biomass-

burning aerosol

SE Atlantic off Namibia

NAAMES 11/15–09/17 Behrenfeld et al. (2019) Marine boundary-layer clouds North Atlantic

ACTIVATE 2020 Sorooshian et al. (2019) Shallow cumulus and postfrontal

stratocumulus

W North Atlantic off the eastern

USA

SOCRATES 01/18–02/18 McFarquhar et al. (2021) Southern Ocean low clouds; mixed-

phase

Southern Ocean south of Tasmania

COPE 07/13–08/13 Leon et al. (2016) Convective clouds Southwest England, UK

2.1.4 Field Campaign Data

Data collected during field campaigns was used to further inform the reconstruction of Nd. These are described in detail in

Gryspeerdt et al. (2022), and summarized in Table 3. Unlike remote sensing data, aircraft measurements estimate Nd from

direct sampling of the droplet size distribution, providing independent validation. Most of the field data correspond to marine

stratocumulus decks in mid latitude regions, although campaigns like NAAMES (Behrenfeld et al., 2019) and SOCRATES135

(McFarquhar et al., 2021) cover the North Atlantic and the Southern Ocean, respectively. Similarly to Gryspeerdt et al. (2022)

all the data was daily aggregated, screened for water content (lwc > 0.1 g m−3) to avoid cloud edges and regions heavily

influenced by entrainment. As with the ground-based data, measured Nd was interpolated to pressure levels, and assigned to

the closest GiOcean grid cell.

2.1.5 On the representativeness of observational data140

Representativeness is an inherent challenge in data-driven approaches based on sparse observations. Experimental measure-

ments are episodic, often collected at high frequency, and require assumptions about how the sampled states relate to larger

spatial scales. Ground-based measurements sample one location repeatedly in time, while field campaigns sample selected

clouds along an aircraft track. Neither is directly equivalent to a model grid cell. In addition, pseudo-adiabatic retrievals of Nd

8

https://doi.org/10.5194/egusphere-2026-6341
Preprint. Discussion started: 10 November 2026
c© Author(s) 2026. CC BY 4.0 License.



assume that droplet number concentration is approximately constant within a liquid-cloud layer. Although Cloudnet observa-145

tions identify the vertical extent of the cloud and provide the quantities needed to estimate Nd at a given altitude, they should

not be interpreted as exact instantaneous profiles of a single cloud column.

We treat each accepted retrieval as one sample of the cloudy air present at a given height. Over time, a fixed site samples

many different clouds and cloud parcels passing over the instrument. These samples can therefore be combined to describe the

typical in-cloud Nd at each level. We refer to this collection of samples as a local pseudo-adiabatic cloud ensemble (LPCE).150

This interpretation is consistent with how cloud properties are represented within a large model grid cell. A simulated grid

cell does not correspond to a single cloud, but represents many cloudy subcolumns with different depths and properties. This

view is also related to the motivation behind superparameterization, in which unresolved cloud-scale variability is represented

within a large-scale model grid (Randall et al., 2003). Under the LPCE interpretation, localized observations can therefore be

used to refine the reanalysis-trained neural network (“NN”) as long as enough samples are available to represent the local cloud155

population (Section 2.2.2).

For the ground-based sites, we reduce the mismatch in scale by using the MERRA-2 horizontal wind speed to estimate the

time required for an air mass to travel 100 km, approximately the scale of the model grid. Observations are first averaged over

this period and then combined into daily means. Each grid-cell-scale average contains, on average, about 20 valid samples,

while each site provides roughly 100 valid profiles per day (Table 2). Campaign data are treated in the same way conceptually,160

but the aircraft already samples different locations directly. Individual in-cloud measurement segments are assigned to the

nearest model grid cell and vertical level and are then averaged within each grid cell and day. Measurements at different heights

are not assumed to belong to the same cloud profile, but are instead treated as separate samples of the clouds encountered

during the campaign. Because aircraft measurements target particular clouds and conditions, the resulting averages represent

the sampled cloud conditions rather than all possible clouds within the grid cell.165

2.2 Reconstruction Method

A neural network estimator, termed “NDnet”, was trained to reconstruct Nd globally, synthesizing the datasets outlined in

Section 2.1. First, reanalysis data was used to train NDnet to predict Nd as a function of MODIS-like variables from the COSP

satellite simulator. Then, ground-based observations and in-situ measurements were used to refine the network accounting for

error through a probabilistic approach. This refined network was used in inference mode to estimate the global distribution Nd170

using MODIS retrievals as input. This procedure is summarize in Table 4, and detailed in this section.

2.2.1 Development of a prior EOF-based neural network from reanalysis data: NDnet-prior

Simulated Nd and MODIS-like variables from the GiOcean reanalysis were used to train a neural network as a preliminary

input to NDnet, termed “NDnet-prior”. We selected four variables retrieved by MODIS (all for liquid clouds): optical thickness,

τc, effective radius re, liquid water path (LWP ), and cloud top pressure pcldtop, all on daily means, interpolated to the GiOcean175

grid. Targets corresponded to the in-cloud Nd from the GiOcean reanalysis. MODIS cloud properties are available as daily,

Level-3, two-dimensional (referred as “2D”) horizontal gridded products. In contrast, Nd in GiOcean is resolved vertically and
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Table 4. Nd reconstruction workflow.

Step Operation Description

1 Data assembly Assemble reanalysis–simulator pairs Nd(t,x,z),sCOSP(t,x), MODIS inputs sMODIS(t,x), fixed-site

profiles, and field-campaign observations.

2 EOF representation Represent Nd ≈Nd +
∑

j AjEOFj , with A=A+∆A. The network predicts the time-varying resid-

ual coefficients ∆A.

3 Train the prior network Train fθ to predict residual coefficients from simulated satellite fields, µ0 = fθ(sCOSP)≈∆A. The

loss combines coefficient error, spatial-gradient and Laplacian terms, and error in reconstructed Nd.

4 Generate MODIS prior Apply the trained prior to MODIS, µ0 = fθ(sMODIS), giving Abase =A+µ0. The residual fields µ0

are stored for refinement.

5 Prior correction and uncertainty Combine µ0 with learned MODIS features and predict ∆̂A= µ0 + δ and σA = softplus(ρ)+σmin.

Refinement modifies the MODIS prior.

6 Fixed-site sampling At each site k, sample ∆̂Ak and σA,k at the corresponding grid cell. Observed profiles are projected

onto the EOF basis to obtain coefficient targets yA
k .

7 Site coefficient loss Use a Gaussian coefficient loss, Lsite =meank[− logN (yA
k ; ∆̂Ak,diag(σ

2
A,k))]. Losses are normal-

ized within sites, weighted by EOF mode, and averaged equally across sites.

8 Site profile losses Reconstruct N̂d,k =Nd +
∑

j(Aj +∆̂Aj,k)EOFj , with σ2
d,k =

∑
j σ

2
Aj ,k

EOF2
j . Use profile MSE

and Gaussian losses, with σ2
eff = σ2

d,k +E2
k .

9 Dense regularization Regularize the correction C= ∆̂A−µ0 using Lanc =MSEw(C,0). Site uncertainty is additionally

constrained by Lσ =mean(σ2
Aj

/Vj).

10 Campaign sampling For each campaign observation, sample the predicted coefficients and uncertainties at its day and grid

location. Reconstruct Nd and its variance and interpolate both to the observed pressure linearly in logp.

11 Campaign losses Use campaign MSE and Gaussian losses with σ2
eff = σ2

d +E2. Losses are averaged within flights, then

within campaigns, and finally equally across campaigns. Campaign uncertainty is also constrained using

Lcamp,σ =mean(σAj
2/Vj).

12 Combined training loss Train with L= λsiteLsite +λNd
LNd

+λNd,GLNd,G +λcampLcamp +λcamp,GLcamp,G +

λancLanc +λσLσ +λcamp,σLcamp,σ . Unavailable observation terms contribute zero.

13 Final reconstruction The final coefficients are Â=A+∆̂A. Reconstruct N̂d =Nd +
∑

j ÂjEOFj and σ̂Nd
=

[
∑

j σ
2
Aj

EOF2
j ]

1/2, assuming independent EOF-coefficient errors.

the target field is three-dimensional (referred as “3D”). This implies that to avoid imposing an explicit assumption about cloud

vertical structure, it is necessary to infer a 3D field from 2D inputs. Such a mapping is possible in principle with architectures

that lift 2D features into volumetric representations using 3D transposed convolutions, but they may be difficult to train robustly180

and could lead to nonphysical representations (Xie et al., 2019; Antun et al., 2020).

To avoid these shortcomings we represent Nd(t,x,z), where t and x are time and horizontal location, respectively, in terms

of low-dimensional empirical orthogonal functions (i.e., EOF basis) derived from the GiOcean reanalysis profiles, and learn

EOF coefficient fields from satellite predictors (Table 4, step 2),

N ′
d(t,x,z)≈

J∑

j=1

Aj(t,x)EOFj(z). (3)185
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Figure 2. Statistics of the GiOcean data used to train NDnet-prior. (a) Global annual mean vertical profile of Nd. (b) Empirical Orthogonal

Function Amplitude. (c) Explained variance for different EOF modes.

Where N ′
d(t,x,z) is the anomaly with respect to the long-term mean, Aj(t,x) are the projected EOF coefficients, EOFj(z)

is the jth EOF basis, and J is the number of modes. Since the EOFs remain fixed, the network can be trained to predict the

2D Aj(t,x) coefficients hence removing the need for map-lifting the 2D MODIS features to 3D Nd fields, with the added

value that N ′
d(t,x,z) inherits the general global spatial distribution imprinted by GiOcean, making the network more robust.

The EOFs and mean Nd can be directly calculated by projecting N ′
d(t,x,z) from the GiOcean dataset onto the EOF basis,190

using Python’s Scipy library (Virtanen et al., 2020), and are depicted in Fig. 2. We retain the 12 main EOF modes which

explain nearly 100% of the variance in Nd. While the lower modes carry most of the variance, hence nudging the reconstructed

Nd to the mean, progressively higher modes explain variability at higher levels (Fig. 2b) and therefore allow for a full 3D

reconstruction.

With the EOF decomposition the NN training is akin to image-to-image translation over J channels, for which U-Net195

family architectures are a suitable choice (Ronneberger et al., 2015). The NN (fθ, termed “NDnet-prior”) was thus built as

a two-dimensional encoder–decoder convolutional model mapping MODIS-like gridded input (sCOSP(t,x), Table 4, step 3)

variables to the Aj(t,x) coefficients of the EOF basis at each horizontal grid point, as depicted in Fig. S1. The encoder applies

successive 3× 3 convolutions and downsampling operations to extract spatial features over progressively larger scales, while

the decoder restores the original resolution through learned upsampling. Skip connections link encoder and decoder features200

at matching spatial scales, which typically allow the model to retain fine-scale information. Each convolutional block uses

Group Normalization and ReLU activations; the former is advantageous for small batch sizes because it does not depend on

batch-wide statistics (Ronneberger et al., 2015; Wu and He, 2018). A final 1×1 convolution projects the decoded feature maps

onto the retained EOF modes (Fig. S1).
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Data for the years 2000-2019 (7034 daily maps) were used for training and validation and from the year 2020 for testing.205

For stability, the network was trained on the EOF coefficient anomalies (Table 4, step 3) using a linear combination of mini-

mum square error (MSE) and laplacian loss functions to guide optimization, the later to improve the contrast between pixels

preventing the network for over-smoothing the Aj(t,x) maps (Li et al., 2017).

2.2.2 Probabilistic refinement against ground and field observations

Application of NDnet-prior to MODIS retrievals produces EOF coefficients that can be used to reconstruct the global 3D distri-210

bution of Nd (Table 4, step 4). Replacing the simulated COSP inputs with observed MODIS retrievals allows the reconstructed

field to respond directly to the observed spatial variability of cloud properties. This can provide a more realistic representation

of Nd than the original GiOcean field, particularly because Nd is not directly constrained by the GiOcean data-assimilation sys-

tem. The vertical structure of the reconstruction, however, remains dependent on GiOcean. MODIS does not directly constrain

the vertical distribution of Nd, so the mapping from 2D satellite retrievals to 3D Nd profiles is inherited from the relation-215

ships learned during training. As a result, systematic biases in the simulated aerosol and cloud environment can propagate into

the reconstructed profiles. Previous studies suggest that GiOcean may underestimate near-surface CCN concentrations, which

could introduce corresponding biases in reconstructed Nd (Song et al., 2025; Barahona et al., 2026).

A refinement step is introduced to reduce remaining biases using ground-based retrievals and aircraft campaign measure-

ments. The MODIS-based prior generated in Step 4 (Table 4) is retained as the baseline solution, and the refinement model then220

learns a correction to that prior, together with its uncertainty (Table 4, Step 5). Thus, NDnet does not attempt to learn the full

3D Nd distribution from the sparse observations alone. This distinction is important because the observations provide strong

local constraints but limited spatial and temporal coverage. The prior preserves the large-scale spatial and vertical structure

learned from the reanalysis, while the refinement adjusts that structure toward the observed conditions.

The probabilistic refinement is designed as a retrospective synthesis rather than a purely out-of-sample prediction problem225

and therefore uses the full set of ground-based and campaign observations to constrain the final Nd reconstruction. Network

validation is still performed on a separate 10% subset during training, but no independent test set is reserved in the final model

for evaluating skill at individual sites or campaigns. To provide an additional check on out-of-sample behavior, we also train

a separate model in which 20% of the campaign segments are withheld from refinement and used only for further evaluation.

This experiment tests generalization to unseen campaign segments, but not to entirely unseen campaigns or sites. Accordingly,230

comparisons using the final reconstruction are interpreted primarily as consistency with the observational constraints rather

than as fully independent estimates of predictive skill.

Training against observations raises two related issues: experimental uncertainty and representativeness. NDnet predicts

daily mean fields, so the observations are aggregated to a comparable temporal scale before evaluation. Fixed-site retrievals

are averaged over each day, while aircraft measurements are averaged within campaign segments and then combined by flight235

and day. For aircraft data, this does not constitute a true daily mean, but rather a daily constraint that reduces sensitivity to

short-lived variability. Together with the LPCE approach described in Section 2.1.5, this reduces sampling mismatch with the

daily NDnet representation, while residual differences contribute to representativeness uncertainty.
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NDnet does not resolve the cloud diurnal cycle. However, NDnet-prior is trained on the continuous reanalysis Nd field,

while COSP provides the satellite-sampling representation of the inputs, allowing the prior to interpolate beyond the MODIS240

overpass sampling before refinement against the observations. Variability within the observational averages is retained in the

uncertainty assigned to each constraint. The refinement workflow is shown in Fig. S2 and detailed below.

Let µ0(t,x) denote the residual EOF coefficients predicted by NDnet-prior from the MODIS fields. The corresponding

baseline absolute coefficients are

Abase(t,x) =A(x)+µ0(t,x), (4)245

where A(x) is the mean EOF coefficient field. These prior coefficients are computed before refinement training. NDnet receives

the complete two-dimensional MODIS maps, sMODIS(t,x), together with µ0(t,x). The MODIS variables are passed through

three 3× 3 convolutional layers with ReLU activations (Fig. S2). These layers transform the original MODIS variables into

learned spatial feature maps while retaining the horizontal dimensions of the input grid. The feature maps are then concatenated

with the prior coefficient fields. Two parallel convolutional heads predict an additive coefficient correction, δA, and a positive250

coefficient uncertainty, σA,

∆̂A= µ0 + δA, σA = softplus(ρ)+σmin, (5)

where ρ is the network raw uncertainty output. The final absolute coefficients are therefore

Â=A+∆̂A. (6)

This residual formulation stabilizes the refinement because the network only needs to learn departures from the prior estimate255

(He et al., 2016). The second output head provides an input-dependent, estimate of the unresolved variability in each EOF

coefficient (Kendall and Gal, 2017).

Although the observational constraints are sparse, the inputs and outputs of NDnet remain global two-dimensional fields.

The network predicts δA and σA at every horizontal grid point. The ground-based and campaign observations are associated

with their timestamp, horizontal and vertical coordinates, and are represented through validity masks. They therefore act as260

sparse samples of a global three-dimensional target field. Losses are evaluated only where valid observations are available,

but the convolutional model, together with the prior and spatial regularization, distributes the learned correction over the full

domain. The refinement is thus not a collection of independent site corrections; it is a global adjustment constrained locally by

observations.

2.2.3 Ground-based site constraints.265

At each fixed ground-based site s, the predicted residual coefficients and their uncertainties are sampled from the global

output fields. The retrieved site profiles are projected onto the same EOF basis used by NDnet-prior, producing observed
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residual coefficients ∆Aobs
m (t,s). A validity mask excludes times for which a site retrieval is unavailable. The coefficient-space

constraint is expressed as a diagonal Gaussian negative log-likelihood in the form,

Lsite =
1

|Sv|
∑

s∈Sv

1
∑M

m=1wm

M∑

m=1

wm


logσA,m(s)+

(
∆̂Am(s)−∆Aobs

m (s)
)2

2σ2
A,m(s)


 , (7)270

where Sv is the set of sites containing valid observations and wm accounts for differences in variance among the EOF modes.

The loss is first normalized within each site and then averaged over sites. This equal-site weighting prevents sites with longer

records from dominating the refinement.

The predicted site profile is reconstructed directly from the mean coefficients and the refined residual coefficients,

N̂d(z,s) =Nd(z)+
M∑

m=1

[
Am(s)+ ∆̂Am(s)

]
EOFm(z). (8)275

Assuming that the uncertainties of the EOF coefficients are independent, the model variance is propagated into Nd-space as

σ2
Nd,model(z,s) =

M∑

m=1

EOF2
m(z)σ2

A,m(s). (9)

The effective variance used in the profile-space Gaussian loss includes both the predicted variance and the experimental re-

trieval uncertainty,

σ2
Nd,eff

(z,s) = σ2
Nd,model(z,s)+σ2

Nd,exp
(z,s). (10)280

Two complementary losses are applied after reconstruction. The first is a mean-squared profile error,

LNd
=

1

|Sv|
∑

s∈Sv

1

|Zs|
∑

z∈Zs

ωz,s

[
N̂d(z,s)−Nobs

d (z,s)
]2

, (11)

where Zs is the set of valid vertical levels at site s. The bounded weight ωz,s gives slightly more influence to observations with

smaller reported error while preventing individual points from dominating the loss.

The second profile-space term is a Gaussian negative log-likelihood, i.e.,285

LNdG =
1

|Sv|
∑

s∈Sv

1

|Zs|
∑

z∈Zs


logσNd,eff(z,s)+

[
N̂d(z,s)−Nobs

d (z,s)
]2

2σ2
Nd,eff

(z,s)


 . (12)
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Both Gaussian losses, Eqs. 7 and 12, are introduced to account for experimental and representativeness error during training,

and constraint the uncertainty output head. The coefficient-space and profile-space losses provide complementary constraints.

The coefficient loss preserves consistency with the EOF representation, whereas the reconstructed-profile losses constrain Nd

directly.290

2.2.4 Field-campaign constraints.

Aircraft campaign measurements differ from the fixed-site retrievals because the aircraft move through the model domain

and sample Nd at different horizontal locations and pressures. However, NDnet produces one mean field per day and cannot

represent individual, instantaneous aircraft samples. The campaign measurements are therefore aggregated to daily means

before they are used for refinement, keeping the unresolved variability as a measure of prediction uncertainty. The resulting295

daily campaign constraints are matched to the corresponding daily MODIS input and daily NDnet prediction.

Let n denote a valid daily campaign constraint rather than an individual instantaneous measurement. Each constraint is

defined by its day, horizontal grid cell, representative pressure pn, daily mean droplet number concentration Nobs
d,n , and obser-

vational uncertainty σn,exp. The latter is estimated from the variability of the measurements contributing to the daily mean.

Campaign and flight identifiers are retained to construct the loss weights so that campaigns containing more flights or valid300

days do not disproportionately influence the loss. For each campaign day, the refined coefficient and uncertainty fields are

sampled from the corresponding daily global output at the grid cell containing the observation. A complete daily-mean Nd

profile and its model variance are then reconstructed on the EOF pressure grid, i.e.,

N̂d,n(z) =Nd(z)+

M∑

m=1

[
Am(xn)+ ∆̂Am(tn,xn)

]
EOFm(z), (13)

σ2
Nd,model,n(z) =

M∑

m=1

EOF2
m(z)σ2

A,m(tn,xn). (14)305

These daily profiles are then log-interpolated linearly to the representative pressure of the daily campaign. The campaign

mean-squared loss is

Lcamp =

〈[
N̂d,n(pn)−Nobs

d,n

]2〉
, (15)

and the corresponding Gaussian loss is

Lcamp,G =

〈
logσn,eff +

[
N̂d,n(pn)−Nobs

d,n

]2

2σ2
n,eff

〉
, (16)310

where
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σ2
n,eff = σ2

Nd,model,n(pn)+σ2
n,exp. (17)

The campaign losses are combined using a campaign-balanced average, denoted by ⟨.⟩. Losses from the valid daily mean

constraints are first averaged within each flight. The resulting group means are then averaged within each campaign, and the

campaign means are finally averaged across campaigns. Thus, each flight has equal weight within its campaign, and each315

campaign has equal weight in the total loss, regardless of the number of measurements or valid days it contains.

The campaign and fixed-site data provide complementary daily mean constraints. Fixed sites provide repeated vertical-

profile information at a small number of locations, whereas the campaigns extend the observational coverage across a wider

range of regions, cloud regimes, and pressure levels. In both cases, the observations constrain daily global output fields rather

than instantaneous cloud states.320

2.2.5 Regularization

Because the observational constraints remain sparse, dense regularization is applied over the full domain to limit large depar-

tures from the base state calculated from NDnet-prior caused by single sites/campaigns. The refinement correction in EOF-

coefficient space as

C(t,x) = ∆̂A(t,x)−µ0(t,x) (18)325

Rather than penalizing each coefficient independently, the correction is reconstructed in Nd space,

∆Nd(p,x) =
∑

m

Cm(x)EOFm(p). (19)

where m indexes the EOF modes. The correction is then penalized through a whole-column anchor,

Lanchor =

〈
wlat,wp

(
∆Nd

N∗

)2
〉
, (20)

where wlat accounts for grid-cell area, wp provides the vertical weighting for integration in lnp, and N∗ = 100 cm−3 is a fixed330

reference concentration. This constraint acts throughout the atmospheric column and over the full globe. It favors NDnet-prior

where the observations do not provide sufficient evidence for a correction, while allowing departures where they are supported

by observations. Because observational support becomes particularly weak in the upper troposphere, an additional constraint

is applied to the large-scale upper-level correction. The correction is separated into its zonal mean and longitude anomaly, and

the zonal-mean component is increasingly penalized from 700 to 500 hPa, reaching full strength above 500 hPa. The longitude-335

anomaly penalty is set to zero in the final configuration, allowing localized upper-level corrections where they are supported

by observations. Regularization acts only during training and it is not applied during inference.
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The Gaussian likelihoods can reduce their penalty by predicting excessively large uncertainties. We therefore also regularize

the predicted EOF-coefficient uncertainty relative to the characteristic scale Sm of each EOF mode,

Lσ,site/camp =

〈(
σAm

Sm

)2
〉
. (21)340

where Sm is the latitude-area-weighted root mean square of the corresponding NDnet-prior residual coefficient over the training

period. This penalty is evaluated separately at fixed-site and campaign locations, using equal-site and campaign averaging,

respectively.

2.2.6 Total refinement loss

The final refinement objective combines a dense satellite-informed prior, sparse ground-based profiles, moving aircraft mea-345

surements, explicit experimental uncertainty, and spatial regularization, i.e.,

L= λNd
LNd

+λNdGLNdG +λcampLcamp +λcamp,GLcamp,G +λanchorLanchor +λσ,siteLσ,site +λσ,campLσ,camp. (22)

Terms associated with fixed sites or campaigns are omitted for training samples that do not contain the corresponding observa-

tions. Before combination, each loss term is expressed in dimensionless form using fixed normalization scales. Regularization

terms are normalized by a fixed reference concentration, N∗ = 100 cm−3, while coefficient-space uncertainty terms are nor-350

malized by the training-period RMS of the corresponding prior EOF coefficient. Gaussian likelihoods use the corresponding

normalized uncertainty scale.

The coefficients λi are dimensionless hyperparameters that control the relative contribution of each term to the total refine-

ment loss. Most terms were assigned λi = 1, so that no additional rescaling was introduced. The two Gaussian Nd likelihood

terms were given smaller weights, with λNdG = 0.25 for the fixed sites and λcamp,G = 0.20 for the aircraft campaigns. These355

terms complement the corresponding deterministic Nd losses by accounting for predicted and observational uncertainty, but

their smaller weights prevent the probabilistic likelihood from dominating agreement with the observations. The slightly lower

campaign value reflects the more intermittent sampling of the campaign observations.

3 Results

Figure 3, shows the annual mean Nd over the entire MODIS record (2003-2024) predicted by the network at different stages360

of development. The left panels correspond to the prediction of NDnet-prior on the GiOcean COSP data, essentially emulating

the GiOcean reanalysis. The center panels show Nd predicted by the same network but using MODIS retrievals as input. The

right panels, correspond to the final network, after refinement. We evaluated the network at these different stages, that is, on

its ability to reproduce the reanalysis data (NDnet-prior), and then to correct for biases against ground-based observations

and campaign measurements (NDnet). NDnet-prior was evaluated on a separate test set (year 2020) not used during training.365
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Figure 3. Global mean cloud droplet number concentration for 2003–2024. Left panels: NDnet-prior emulation of the GiOcean reanalysis.

Middle panels: NDnet-prior driven by MODIS retrievals. Right panels: refined NDnet driven by MODIS retrievals.

The final Nd product is treated as a retrospective synthesis using the full observational record, while a separate withheld-data

experiment is used to provide an additional check on out-of-sample behavior (Section 3.1).

NDnet-prior is able to emulate the reanalysis to high accuracy, with a mean bias about (1%), slightly increasing to with

altitude as Nd decreases (Fig. S3). This is an important test of the EOF approach described in Section 2.2.1, as it demonstrates

that the network effectively lifts retrieval-like 2D features (optical depth, liquid water path, cloud fraction and effective radius)370

into 3D Nd fields, while ensuring a physically-based prediction guided by the reanalysis. Locally, the bias can grow up to 50%

in some regions with low Nd, particularly in the extra tropics and at high altitudes. Low Nd tends to exacerbated relative bias

due to spatial variability in Nd. In absolute terms, the error remains low, and even regions with high relative error represent

only about 1− 5 cm−3 discrepancy in Nd (Fig. S3). No additional training was attempted to reduce these discrepancies as it
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is important that the network learns the large scale features of Nd instead of the inherent variability of the reanalysis, hence375

making it more suitable for refinement.

Figure 3 compares the Nd distributions obtained using NDnet-prior with simulated COSP inputs from GiOcean and with

actual MODIS retrievals (hereafter MODIS-corrected). Both reconstructions reproduce the main spatial features commonly

found in Nd retrievals and simulations (Bennartz and Rausch, 2017; Grosvenor et al., 2018b; Zeng et al., 2014; McCoy et al.,

2018). Near the surface (900 hPa), Nd reaches approximately 1000 cm−3 over major industrial regions, including Southeast380

Asia and Europe, consistent with enhanced aerosol emissions. Marine environments generally exhibit lower concentrations

(∼100 cm−3), except in persistent stratocumulus regions off the coasts of North and South America and West Africa, where

continental outflow may enhance aerosol concentrations. Some extratropical regions exhibit particularly low Nd (∼20 cm−3),

potentially associated with limited cloudiness and aerosol removal by precipitation. Despite these common features, replac-

ing the simulated COSP inputs with MODIS retrievals produces substantial differences in both the horizontal and vertical385

distributions of Nd.

The MODIS-corrected reconstruction generally produces higher Nd over continental regions, particularly at high latitudes

(Fig. S6). Below 700 hPa, the global mean difference is approximately 20 cm−3, reaching 100 cm−3 over some industrial

regions, while differences become less pronounced at higher altitudes. Whereas Nd in the GiOcean reanalysis decreases steeply

toward the poles and with altitude, the MODIS-corrected reconstruction shows a slight poleward increase and a relatively more390

homogeneous vertical distribution up to approximately 700 hPa. These differences are consistent with changes in the satellite

input fields (Fig. S4). Compared with GiOcean, MODIS generally exhibits higher cloud optical depth and cloud fraction at high

latitudes and slightly lower values in the tropics, where the reconstructed Nd is also generally lower. The network appears to

translate these differences into changes in the predicted EOF coefficients, increasing the contribution of higher-order modes to

the reconstructed vertical structure (Fig. 2). Mode-ablation experiments, in which individual EOF modes are excluded during395

inference, confirm that higher-order modes contribute to the enhanced Nd in the MODIS-corrected reconstruction (Fig. S5).

Observational refinement produces smaller global changes in Nd than the switch from COSP to MODIS inputs (Fig. 3).

Relative to the MODIS-corrected prior, refinement generally increases Nd over marine regions and at high latitudes, while

reducing near-surface concentrations over several continental regions (Fig. S6). These corrections are spatially coherent and

extend well beyond the observational locations, indicating that refinement adjusts the global relationship between the MODIS400

retrievals and the predicted EOF coefficients rather than introducing localized corrections. The global-mean adjustment is pos-

itive, reaching 9.1, 24.7, and 5.2 cm−3 at 900, 700, and 500 hPa, respectively (Fig. S6). The largest mean response occurs

at 700 hPa, reflecting differences in the vertical redistribution of Nd. Over land, refinement generally decreases near-surface

Nd while increasing concentrations aloft, whereas marine regions exhibit a more uniform increase with altitude. The resulting

profiles are also more vertically homogeneous below 700 hPa. Some of the largest regional adjustments occur in areas influ-405

enced by substantial aerosol emissions, suggesting potential implications for estimates of aerosol–cloud interactions. At lower

pressures, the adjustments gradually diminish as the reconstruction transitions toward the prior, limiting the extrapolation of

observational corrections into regions of weaker observational constraint. This effect is particularly evident in the Southern

Hemisphere, where observational coverage is more limited.
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These features are in line with theoretical expectations (Khain et al., 2019) as well as experimental studies showing that410

enough reservoir of aerosol and persistent dynamical forcing exist in the upper troposphere to reach Nd of the order of 100

cm−3 (McCoy et al., 2020; Barahona et al., 2025). It is also consistent with observations showing unexpectedly large summer-

time droplet concentrations toward Antarctica and systematic low biases in simulated Southern Ocean Nd, which can increase

with altitude. Elevated polar liquid-bearing clouds can retain Nd of order 50–150 cm−3 several kilometers above the surface.

Such behavior may reflect aerosol sources poorly represented in large-scale models, including marine-biogenic particle produc-415

tion and free-tropospheric aerosol reservoirs (McCoy et al., 2020), or an overactive ice formation and growth at high latitudes

(Vergara-Temprado et al., 2018).

3.1 Evaluation against observations

Figure 4 show the comparison of the predictions of the NDnet and NDnet-prior networks against observations, both using the

global MODIS retrievals as input and then interpolated at individual sites (Fig. 1). The fidelity of the comparison in each case420

is evaluated by calculating the bias against the observations and the weighted Earth movers distance W , the latter given by,

W1 =

n−1∑

i=1

|Fi −Gi|+ |Fi+1 −Gi+1|
2

(lnpi+1 − lnpi) , (23)

where Fi and Gi are the cumulative distributions of the observed and modeled daily Nd profiles, respectively, after each profile

has been normalized over common pressure levels. The reported W1 and bias are the medians across all valid daily profiles at

each site; smaller values indicate more similar vertical distributions. For both NDnet-prior (calculated on MODIS inputs) and425

NDnet, the whole global distribution of Nd is calculated for each day and then interpolated at each time, site, and location.

In general, NDnet-prior and NDnet produce similar vertical structure of Nd at each site, with relatively good agreement

with the observations near the surface, around 900 hPa, followed by decreasing Nd with altitude. NDnet-prior, however, tends

to decrease more rapidly and consequently underestimates Nd at higher altitudes. This behavior is reflected in the generally

larger Wasserstein distance and integrated bias of NDnet-prior relative to NDnet. At some sites, including Galati, Maido, and430

Mindelo, NDnet still underestimates the retrieved Nd at higher altitudes. Exact agreement with every site was not imposed

during refinement. Instead, the site constraints are balanced against the field-campaign observations and the regularization

toward NDnet-prior, particularly where the vertical observational support becomes sparse.

The pseudo-adiabatic retrieval assumes that Nd is approximately constant within a liquid-cloud layer, so repeated retrievals

at different cloud heights can produce an apparently persistent or weakly varying vertical profile. Forcing the network to435

reproduce this structure at individual sites could therefore transfer assumptions of the retrieval method into the global Nd

profile. The time-mean site profiles also represent an ensemble of clouds sampled over a fixed location rather than a directly

observed grid-cell-mean vertical profile. The refinement was therefore designed to improve agreement with the observational

ensemble without requiring a perfect fit to individual site profiles, allowing the large-scale vertical structure inherited from

NDnet-prior to be retained where the observations do not provide sufficient independent constraint.440
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Figure 4. Performance of NDnet and NDnet-prior for the ground-based observation sites listed in Table 2. Each panel reports the Earth

Mover’s Distance (W ) and relative bias (Ib) with respect to observations for NDnet (NN) and NDnet-prior (B).21
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In contrast to the ground-based retrievals, the aircraft campaigns provide direct in situ measurements of Nd across a range

of altitudes and cloud environments. Figure 5 compares these observations with NDnet-prior and NDnet, both using MODIS

as input, along the sampled campaign segments. As in the site evaluation, the predictions are not generated independently at

each observation location. Instead, the network produces a global 3D Nd field from the corresponding global satellite inputs;

this field is then sampled at the campaign location and day and interpolated to the pressure of each observation. Although all445

the campaign observations are used in the final refinement, a separate test withholding 20% of the campaign segments during

training shows that performance remains comparable out of sample (Fig. S7), supporting the ability of the model to generalize

beyond the individual samples used for training.

NDnet-prior generally underestimates the campaign observations, with the largest discrepancies occurring in campaigns

that sample higher altitudes, such as ACTIVATE and COPE. Nevertheless, it captures a substantial fraction of the observed450

variability, with correlations of about 0.4–0.6 across most campaigns, particularly when individual segments are aggregated

into daily grid-cell means (Fig. S8). Observational refinement improves both the magnitude and variability of the predictions,

increasing correlations to 0.67–0.95 across the campaigns. This indicates that NDnet retains the large-scale structure learned

by the prior while using the campaign data to correct systematic biases and better constrain the vertical distribution of Nd.

Time series of observed, NDnet-prior and NDnet Nd for each campaign are shown in Fig. S8.455

3.2 Uncertainty in Nd

An important feature of NDnet is that the refinement provides an estimate of uncertainty together with the predicted Nd. The

second network head (Fig. S2) predicts the standard deviation of the EOF coefficients, σA, which is propagated through the

EOF representation to obtain σNd
(Eq. 9). The observational errors are treated separately in the Gaussian likelihood, where they

are combined with the predicted uncertainty (Eq. 10). Thus, σNd
represents the uncertainty in the reconstructed Nd for a given460

set of satellite inputs, rather than the experimental uncertainty of the observations. It may account for unresolved variability,

observational representativeness, and limitations of the learned relationships between MODIS cloud properties and Nd. An

explicit penalty on large σA prevents the network from improving the likelihood simply by inflating the predicted uncertainty.

The global mean distribution of σNd
for the years 2003-2024 is shown in Fig. 6. Mean predicted uncertainty is typically

around 30 cm−3 near the surface and decreases to approximately 10 cm−3 above 500 hPa. Spatially, larger uncertainties occur465

over the continents than over marine regions likely due to the larger Nd over land. Although the pattern reverses when con-

sidered relative to the predicted Nd where large relative variability is found in the marine regions of the Southern Hemisphere

the Tropics. Interestingly regions of persistent stratocumulus off the west coast of south and north America and Africa exhibit

the lowest σNd
, in absolute and realtive sense, reflecting the homogeneous and persistent nature of the clouds in these regions.

These patterns provide a measure of where the reconstructed Nd field is less well constrained. The magnitude of σNd
is broadly470

comparable to uncertainties reported for satellite-based Nd retrievals and to the experimental variability of the observations

(Grosvenor et al., 2018b; Gryspeerdt et al., 2022).

The predicted uncertainty can also be evaluated along the aircraft trajectories. As for Nd, the global σNd
field is generated

from the MODIS inputs and subsequently sampled at the location and pressure of each campaign segment. Figure 7 compares
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Figure 5. Performance of NDnet and NDnet-prior for the field campaigns listed in Table 3. Each panel reports the time series correlation (r)

and root mean square error (RMSE) with respect to observations, for NDnet (NN) and NDnet-prior (Base).
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Figure 6. Global mean Gaussian uncertainty in cloud droplet number concentration, σNd , for 2003–2024. Bottom panels show the uncertainty

relative to Nd.

this quantity with the observed standard deviation of Nd within each campaign segment. The two quantities are not expected to475

agree point by point since σNd
represents the uncertainty of a grid-cell-scale daily prediction, whereas the campaign standard

deviation measures variability among the observations within an individual segment. Nevertheless, their magnitudes are gen-

erally comparable across the campaigns. NDnet tends to underestimate the observed segment variability in some campaigns

with higher sampling altitudes, like COPE and SOCRATES. Correlations between predicted and observed standard deviations

are generally weak, indicating that the model reproduces the characteristic magnitude of the variability more readily than its480

segment-to-segment fluctuations. This comparison therefore provides a test of the scale of the predicted uncertainty rather than

reproducing exactly the observed variability within individual campaigns.

4 Discussion

NDnet combines the vertical information learned from the reanalysis with satellite retrievals and direct observations to produce

a globally consistent Nd field, while its predicted uncertainty provides an indication of where the inferred vertical structure is485

more or less strongly constrained. The three-dimensional nature of the reconstructed Nd provides an opportunity to examine

its vertical structure. We quantify vertical heterogeneity over a pressure layer using H , defined as the mean square deviation of

Nd within the layer relative to its layer-mean value,

H =
1

⟨Nd⟩


αp

pbottom∫

ptop

(Nd(p)−⟨Nd⟩)2 d lnp




1/2

, (24)

24

https://doi.org/10.5194/egusphere-2026-6341
Preprint. Discussion started: 10 November 2026
c© Author(s) 2026. CC BY 4.0 License.



100

101

102

Pr
ed

ict
ed

 
N

d
 (c

m
3 )

(a)  MASE1
r=-0.42
MB=-53.9 cm 3

RMSE=62.4 cm 3

n=109

(b)  MASE2
r=-0.34
MB=-23.9 cm 3

RMSE=37.1 cm 3

n=91

(c)  VOCALS
r=0.24
MB=-5.6 cm 3

RMSE=21.0 cm 3

n=217

100

101

102

Pr
ed

ict
ed

 
N

d
 (c

m
3 )

(d)  E-PEACE
r=-0.25
MB=-24.8 cm 3

RMSE=42.4 cm 3

n=178

(e)  ACCACIA
r=0.20
MB=-10.5 cm 3

RMSE=55.7 cm 3

n=77

(f)  COPE
r=-0.15
MB=-144.6 cm 3

RMSE=190.6 cm 3

n=54

100

101

102

Pr
ed

ict
ed

 
N

d
 (c

m
3 )

(g)  NAAMES
r=-0.01
MB=-7.2 cm 3

RMSE=20.4 cm 3

n=160

(h)  FASE
r=0.03
MB=-22.9 cm 3

RMSE=35.3 cm 3

n=123

(i)  ORACLES
r=-0.34
MB=-19.3 cm 3

RMSE=50.1 cm 3

n=203

100 101 102

Observed Nd (cm 3)

100

101

102

Pr
ed

ict
ed

 
N

d
 (c

m
3 )

(j)  SOCRATES
r=-0.05
MB=-17.6 cm 3

RMSE=35.9 cm 3

n=137

100 101 102

Observed Nd (cm 3)

(k)  MACAWS
r=-0.47
MB=-26.9 cm 3

RMSE=35.2 cm 3

n=51

100 101 102

Observed Nd (cm 3)

(l)  ACTIVATE
r=-0.19
MB=-90.0 cm 3

RMSE=111.0 cm 3

n=143

400

500

600

700

800

900

Pr
es

su
re

 (h
Pa

)

Figure 7. Gaussian uncertainty in Nd predicted by NDnet for the field campaigns listed in Table 3. Each panel reports the correlation

coefficient (r), mean bias (MB), and root-mean-square error (RMSE) relative to observations, together with the number of daily constraints

included in the comparison (n).
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where, αp = ln(ptop/pbottom), and, ⟨Nd⟩ is the mean Nd over the same pressure interval. H = 0 corresponds to a vertically490

homogeneous profile, while increasing H indicates progressively stronger vertical structure relative to the mean Nd. We ad-

ditionally define R as the ratio between the vertical variability of Nd and the root-mean-square predicted uncertainty over the

same layer,

R=




〈
(Nd −⟨Nd⟩)2

〉
lnp〈

σ2
Nd

〉
lnp




1/2

. (25)

Values of R> 1 indicate that vertical variation exceeds the predicted uncertainty over the layer. Thus, H describes how strongly495

Nd varies vertically, while R indicates how significant that structure is relative to the uncertainty of the estimate. Figure 8 shows

the median H (left panels) over the the period 2003-2024 obtained from the final NDnet estimate after refinement. The top

panels reflect variability between ptop = [800,700,600] hPa relative to the pbottom = 950 hPa. The “zonal” mean panel at the

bottom uses pbottom = 1000 hPa and calculates H and R for any level with ptop <= 950 hPa.

The reconstructed Nd exhibits substantial vertical variability, with strong spatial differences (Fig. 8). Median H exceeds 50%500

in tropical and subtropical regions for ptop = 800 hPa and generally increases with altitude, approaching 100% for ptop < 600

hPa. The frequency of days with H > 25% follows a similar spatial pattern (middle panels), indicating that this variability is

persistent rather than episodic. Moreover, R> 1 across most regions, indicating that the inferred vertical variability exceeds

the predicted NDnet uncertainty. Exceptions occur in some subtropical marine regions, where R< 1 and the variability is

comparable to the reconstruction uncertainty.505

Pressure boundaries may influence these estimates, particularly where cloud tops below the selected pressure, as in some

subtropical stratocumulus regions (Fig. S4). However, using pbottom defined as the minimum pressure for which Nd exceeds

1 cm−3 starting from the surface, and ptop from daily MODIS retrievals, produces even larger and more persistent H (Fig. 9).

Both approaches indicate that regions with relatively homogeneous horizontal cloud properties can exhibit substantial vertical

variability in Nd. This result however must be interpreted within the local ensemble framework (Section 2.1.5); a model grid510

cell represents an ensemble of subgrid-scale cloud realizations rather than an individual cloud. Thus, the inferred variabil-

ity does not necessarily contradict the relatively homogeneous structure of individual stratocumulus clouds. Nevertheless, it

challenges the applicability of a vertically homogeneous Nd assumption at the grid-cell scale, even in stratocumulus regimes.

4.0.1 Comparison against other datasets

Except for some tropical regions, Fig. 8 suggests that both H and R are smallest near the surface, particularly for p > 800515

hPa, and vertical homogeneity could be a more reasonable approximation. Taking this into account we select the 800− 950

hPa layer for comparison with conventional MODIS-derived Nd retrievals. These satellite retrievals typically apply several

filtering criteria targeting horizontal and vertical homogeneity and pseudo-adiabatic cloud structure (Grosvenor et al., 2018b;

Grosvenor and Wood, 2014; Bennartz and Rausch, 2017). These include restricting the retrievals to high cloud fractions, cloud-

top temperatures above 268 K, and cloud-top height below 3.2 km. Such filtering may alter the resulting Nd climatology, but520

26

https://doi.org/10.5194/egusphere-2026-6341
Preprint. Discussion started: 10 November 2026
c© Author(s) 2026. CC BY 4.0 License.



120°W 60°W 0°W 60°E 120°E

60°S

30°S

0°

30°N

60°N

Median H

(a)  950-800 hPa H  = 19.5%

120°W 60°W 0°W 60°E 120°E

60°S

30°S

0°

30°N

60°N

Daily H > 25%
(b)  950-800 hPa f  = 34.3%

120°W 60°W 0°W 60°E 120°E

60°S

30°S

0°

30°N

60°N

Median R

(c)  950-800 hPa R  = 1.30

120°W 60°W 0°W 60°E 120°E

60°S

30°S

0°

30°N

60°N

(d)  950-700 hPa H  = 23.9%

120°W 60°W 0°W 60°E 120°E

60°S

30°S

0°

30°N

60°N

(e)  950-700 hPa f  = 43.1%

120°W 60°W 0°W 60°E 120°E

60°S

30°S

0°

30°N

60°N

(f)  950-700 hPa R  = 1.84

120°W 60°W 0°W 60°E 120°E

60°S

30°S

0°

30°N

60°N

(g)  950-600 hPa H  = 39.5%

120°W 60°W 0°W 60°E 120°E

60°S

30°S

0°

30°N

60°N

(h)  950-600 hPa f  = 83.8%

120°W 60°W 0°W 60°E 120°E

60°S

30°S

0°

30°N

60°N

(i)  950-600 hPa R  = 3.25

90 60 30 0 30 60 90
Latitude (deg)

950

800

650

400

250

La
ye

r-t
op

 p
re

ss
ur

e 
p 

(h
Pa

) (j)  Zonal mean, 1000-p hPa

90 60 30 0 30 60 90
Latitude (deg)

(k)  Zonal mean, 1000-p hPa

90 60 30 0 30 60 90
Latitude (deg)

(l)  Zonal mean, 1000-p hPa

0 10 20 30 40 50
H (%)

0 20 40 60 80 100
Days / zonal fraction with H > 25% (%)

0.0 0.5 1.0 1.5 2.0
R

Figure 8. Vertical heterogeneity in cloud droplet number concentration for 2003–2024. Left panels: median relative vertical variability, H ,

in Nd (Eq. 24). Middle panels: percentage of days with H > 25%. Right panels: vertical variability relative to the predicted uncertainty, R

(Eq. 25).
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Figure 9. Similar to Fig. 8, but with cloud base defined at Nd ∼ 1 cm−3 and cloud top pressure from the MODIS retrieval.

focus on isolating conditions for which the retrieval assumptions are better satisfied (Gryspeerdt et al., 2022; Song et al., 2025).

For consistency, we first calculate an 800–950 hPa layer-mean Nd from NDnet, weighted by the GiOcean liquid water content

(denoted as Nd,sfc), and then apply the same filtering criteria used for the 2D retrievals.

Figure 10 compares Nd,sfc with the retrieval climatology reported by Grosvenor and Wood (2018), hereafter referred to as

the 2D retrieval. The two datasets reproduce the same broad spatial structure, including a pronounced land–ocean contrast and525

enhanced Nd in the subtropical stratocumulus regions. In general, however, Nd,sfc is lower than the 2D retrieval, except in the

subtropical regions and parts of the North Atlantic. Globally, the mean difference is approximately -30 cm−3 and is generally

larger than the predicted NDnet uncertainty, although it may remain within the uncertainty associated with the 2D retrieval

itself (Grosvenor et al., 2018b).

In the zonal mean (Fig. 10d), positive and negative regional differences partly compensate, and the two datasets therefore530

appear more similar. Both show enhanced Nd near 40◦N and at high southern latitudes. This agreement, however, is strongly

influenced by the extensive filtering applied to both datasets. Comparison with the unfiltered NDnet climatology (Fig. S9)

shows larger overall differences (∼−50 cm−3), while much of the pronounced enhancement over the subtropical regions of

the Northern Hemisphere is reduced. More importantly, the latitudinal structure becomes more gradual, with less pronounced

peaks and a clear decrease toward the poles. This suggests that filtering for high cloud fraction and approximately adiabatic535

conditions preferentially samples high-Nd clouds at very high latitudes, thereby producing an apparent enhancement in the

retrieved climatology that may not be representative of the broader cloud population.

5 Conclusions

This study develops a new global estimate of cloud droplet number concentration, Nd, by combining climate reanalysis,

satellite retrievals, ground-based observations, and field campaign measurements. Unlike conventional satellite retrievals, the540

approach presented here does not require an assumed vertical cloud structure and explicitly represents uncertainty throughout

the reconstruction. This is achieved using a neural-network estimator, termed NDnet, that maps two-dimensional MODIS cloud

28

https://doi.org/10.5194/egusphere-2026-6341
Preprint. Discussion started: 10 November 2026
c© Author(s) 2026. CC BY 4.0 License.



120°W 60°W 0° 60°E 120°E 180°

30°S

0°

30°N

60°S 60°S

60°N 60°N

(a) NDnet NdA = 91.6

120°W 60°W 0° 60°E 120°E 180°

30°S

0°

30°N

60°S 60°S

60°N 60°N

(b) GW18 NdA = 128.1

0 50 100 150 200 250 300
Nd (cm 3)

120°W 60°W 0° 60°E 120°E 180°

30°S

0°

30°N

60°S 60°S

60°N 60°N

(c) NDnet - GW18 NdA = 35.1

90 60 30 0 30 60 90
Latitude (deg)

0

50

100

150

200

250

N
d (

cm
3 )

(d) Zonal mean IQR across longitude
NDnet
GW18

120 80 40 0 40 80 120
NDnet - GW18 (cm 3)

Figure 10. Layer mean (800− 950 hPa) Nd compared to the data reported by Grosvenor and Wood (2018) (shown as GW18). Hatching

indicates differences that are statistically significant at more than two standard errors.

properties to three-dimensional Nd fields. NDnet is applied over the MODIS record (2003-2024) to produce daily Nd estimates

at 1◦ spatial resolution and 22 pressure levels from the surface to 250 hPa.

NDnet predicts the coefficients of an Empirical Orthogonal Function (EOF) representation of Nd rather than predicting the545

full three-dimensional field directly. This dimensionality reduction avoids the need for a complex neural network that lifts

two-dimensional inputs directly into three-dimensional volumes, which can lead to unstable or physically unrealistic solutions.

Because the EOF basis is derived from the GiOcean reanalysis, reconstructed fields remain within a physically plausible range

of vertical structures. The approach also makes the problem computationally tractable for long-term training, refinement, and

global inference.550

NDnet is trained in two stages. First, a prior network is trained to emulate the GiOcean reanalysis using simulated MODIS

variables as input. This network is then applied to actual MODIS retrievals to generate a baseline set of EOF coefficients.

29

https://doi.org/10.5194/egusphere-2026-6341
Preprint. Discussion started: 10 November 2026
c© Author(s) 2026. CC BY 4.0 License.



In the second stage, these coefficients and the MODIS cloud retrievals are combined with field campaign and ground-based

observations to refine the reconstruction and reduce biases inherited from the reanalysis. The observations were selected to

provide broad spatial, vertical, and temporal coverage. The refinement is not intended to optimize individual sites or campaigns,555

but rather to introduce observational constraints that act on the global Nd field.

Because both satellite retrievals and in situ observations contain substantial uncertainty, NDnet is formulated probabilisti-

cally. Observational and representativeness errors are included directly in the training objective, and a second network output

estimates the Gaussian uncertainty associated with reconstructed Nd. This provides an estimate of uncertainty arising from

both the intrinsic reconstruction error and the limited representativeness of the observational constraints. Predicted relative560

uncertainties are typically about 10–40%, generally larger over ocean than over land, and decrease with altitude.

Analysis of the approximately 20-year NDnet record shows enhanced Nd over major continental industrial regions and

in the subtropical stratocumulus regions of both hemispheres, consistent with regions of elevated aerosol influence. These

enhancements remain evident up to approximately 600 hPa, suggesting that aerosol-related variability in Nd extends well

above the low level cloud layer. Relative to the GiOcean reanalysis, NDnet produces a more gradual vertical decrease in565

Nd and substantially larger values at high southern latitudes. The latter is consistent with evidence for significant aerosol

concentrations at high latitudes (McCoy et al., 2020), suggesting that treating these regions as uniformly pristine may bias

estimates of aerosol radiative forcing.

The reconstructed fields also show substantial vertical variability. Relative vertical differences in Nd are approximately 40%

near the surface and increase toward lower pressures, often exceeding the predicted reconstruction uncertainty. Tropical and570

subtropical regions show particularly strong vertical variability in daily grid-cell Nd. This does not necessarily imply strong

vertical variation within individual clouds, but rather differences among the cloud populations sampled at different heights.

The persistence of this structure suggests that assuming vertically uniform Nd at the grid-cell scale may miss important verti-

cal variability and affect estimates of cloud radiative effects. Nevertheless, comparison between conventional two-dimensional

MODIS retrievals and an 800–950 hPa layer-mean Nd from NDnet shows reasonable agreement when both datasets are sub-575

jected to the extensive filtering normally required by the conventional satellite retrieval.

The three-dimensional gridded Nd dataset developed here can be compared directly with model output, reducing ambiguities

associated model-sampling when evaluated against retrievals that assume vertically homogeneous Nd. The NDnet framework

could also be adapted to other satellite observations (Wang et al., 2025) or developed as an observation operator for data

assimilation systems, for which the uncertainty estimate could provide an explicit representation of reconstruction error within580

Bayesian inference.

Further improvements will require additional observational constraints, particularly at higher altitudes, where existing mea-

surements remain sparse. Vertically resolved Nd retrievals and in situ measurements would be especially valuable for eval-

uating and refining reconstruction methods such as NDnet. Future work should also examine how vertical heterogeneity in

Nd affects estimates of aerosol–cloud interactions and the covariability among Nd, cloud water path, and cloud fraction. By585

combining complementary observations within a physically constrained and probabilistic framework, NDnet provides a more

comprehensive representation of Nd that can support cloud-model evaluation, climate analysis, and data assimilation.
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Code and data availability. The NDnet model and training and representative test data can be downloaded at https://github.com/dbarahon/

NDnet. The entire reconstructed Nd data set is available at https://portal.nccs.nasa.gov/datashare/Wstd-MERRA2/NDnet. Data from the

GiOcean reanalysis was downloaded from https://portal.nccs.nasa.gov/datashare/gmao/geos-s2s-3/GiOCEAN_e1/. MODIS data was ob-590

tained from NASA LAADS DAAC (2022); NASA Earthdata (2022). CloudNet data was obtained from https://cloudnet.fmi.fi/. AI tools

(ChatGSFC) were utilized to generate the workflow sketches in Figures S1 and S2 and to debug python code.
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