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Abstract. Temporal autocorrelations of aerosol are often reported, but poorly understood. We use simple box models, Perturbed

Parameters Ensembles of global aerosol models, AEROCOM (AEROsol Comparison of Observations and Models) simulations

as well as satellite and AERONET (AErosol RObotic NETwork) observations to study temporal autocorrelations in aerosol

optical depth (AOD). In particular, we present the first global climatology of observed temporal autocorrelations.

We develop a conceptual model for autocorrelations and relate them to important timescales, in particular lifetimes. We iden-5

tify aerosol processes that affect autocorrelations and find autocorrelations provide information independent from yearly AOD,

in particular on deposition processes. It is possible to estimate temporal autocorrelations in AOD from satellite observations by

sensors like MODIS (MODerate resolution Imaging Spectroradiometer) or POLDER (POLarization and Directionality of the

Earth’s Reflectances).

In our unique global climatology of observed temporal autocorrelations, regional variation is significant. Over remote oceans,10

the autocorrelation after 6 days tends to be low (∼ 0.2 or lower) but it is quite high in tropical outflow regions (∼ 0.5). Over

land, it varies considerably, from 0.2 to 0.7. These spatial variations are much larger than observed year-to-year variation.

AEROCOM models often significantly overestimate autocorrelations. This suggests that loss processes are underestimated

and/or contributions from seasonal sources are overestimated, which should have a marked impact on aerosol forcing estimates.

Autocorrelations offer a new way to understand aerosol processes and evaluate models. Autocorrelations can be derived15

from existing observational datasets, for example surface black carbon mass concentrations or cloud condensation nuclei.
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1 Introduction

Aerosol is an important component of the Earth’s atmosphere that affects the planet’s climate, the biosphere, and human health.

Aerosol particles scatter and absorb sunlight as well as modify clouds. Anthropogenic aerosol changes the radiative balance20

and influences climate change (Angstrom, 1962; Twomey, 1974; Albrecht, 1989; Hansen et al., 1997; Lohmann and Feichter,

1997, 2005). It may negatively affect solar power generation (Li et al., 2017; Labordena et al., 2018). Soluble iron, phosphate

and nitrate can be transported as aerosol over long distances and provide nutrients for the biosphere (Swap et al., 1992; Vink

and Measures, 2001; McTainsh and Strong, 2007; Maher et al., 2010; Émeline Lequy et al., 2012). Aerosol can penetrate deep

into lungs and may carry toxins or serve as disease vectors (Dockery et al., 1993; Brunekreef and Holgate, 2002; Ezzati et al.,25

2002; Smith et al., 2009; Beelen et al., 2013; Ballester et al., 2013).

Annual global mean Aerosol Optical Depth (AOD) is often analysed from the following equation

AOD = E×T ×MEC, (1)

where E are the emissions, T the lifetime and MEC the Mass Extinction Coefficient (MEC, here, is a column-average and

depends on wavelength, in this paper we will use 550 nm). The aerosol column burdens are B = E×T . Textor et al. (2007)30

showed that diversity in burdens across Phase I AEROCOM1 models was as much due to diversity in emissions as in lifetimes,

with the exception of sea-salt where emissions seemed to matter more. Gliß et al. (2021) analysed Phase III AEROCOM

models and showed that lifetime was actually a larger contributor to diversity in burdens than emissions for black carbon, dust

and sea-salt but not for NO3 or organic aerosol.

While extensive work has been done on creating emission inventories using either bottom-up or top-down approaches, and35

reducing their uncertainties, much less effort has been spent on evaluating lifetimes. Part of the explanation is that lifetimes are

an emergent property of models, resulting from a variety of interacting processes while inventories are boundary conditions

that are enforced on a model.

Lifetimes are time-scales that teach us something about the persistence of aerosol, but they are not readily observable. Pre-

sumably the most practical way would be to obtain estimates of yearly emissions and burdens and calculate T =B/E. While40

emission inventories exist, no observational estimates of burdens are available. Decorrelation times are however observable

and, just like lifetimes, indicative of the persistence of aerosol. One can wonder if there is a connection between lifetimes and

decorrelation times.

Decorrelation times can be derived from temporal autocorrelations. Given an infinite time-series f(t), we can calculate the

temporal autocorrelation, also known as lagged correlation, at lag τ as (Press et al., 1989):45

ρ(τ) =
< (f(t)−µ))(f(t+ τ)−µ)>

σ2
, (2)

where <> indicates a time average, with mean µ=< f(t)> and variance σ2 =< (f(t)−µ)
2
>, see Sect. 2.6 for the expres-

sion in case of a finite, discrete time-series for real observations. One can speak of the correlation at a certain lag τ , e.g. ρ6
1https://aerocom.met.no
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which is the correlation at a lag of six days and will feature heavily in this study. We can also define the decorrelation time τ∗

as given by the e-folding time:50

ρ(τ∗) = e−1 (3)

Decorrelation times have been used to study persistence (Benkovitz et al., 1994; Nowosad et al., 2015; Schepanski et al.,

2015; Perkins et al., 2022) or periodicities (Wehner and Wiedensohler, 2003) of aerosol. Decorrelation times have also been

used to assess the representativity of observations (Masonis et al., 2002; Anderson et al., 2003; Asmi et al., 2011; Schepanski

et al., 2015; Andrews et al., 2017; Kaku et al., 2018; Sayer, 2020; Chau et al., 2021).55

Benkovitz et al. (1994) calculated decorrelation times of about 10 hours for modelled sulphate columns over the North

Atlantic. Masonis et al. (2002) estimated decorrelation times for various optical properties (e.g. extinction, absorption, and

back-scatter ratio) for in-situ campaign data and obtained values from less than an hour to 2 days. Anderson et al. (2003)

found decorrelation times of 30 to 700 hours for surface extinction measurements. Wehner and Wiedensohler (2003), studying

submicrometer urban aerosol number concentrations in Leipzig (Germany), found decorrelation times from a few hours to less60

than a day, with larger particles showing longer decorrelation times. Asmi et al. (2011) considered the autocorrelation after

1 hour of surface Cloud Condensation Nuclei (CCN) measurements for sites in Europe and found very high autocorrelations

(≥ 0.94− 0.98) for larger particles (diameters ≥ 100 nm) and somewhat smaller autocorrelations (≥ 0.82− 0.93) for smaller

particles (diameters between 30 and 50 nm). Schepanski et al. (2015) estimated temporal correlation lengths of 118 to 240

hours for Mediteranean AERONET2 sites during dust episodes. Nowosad et al. (2015) found decorrelation times for pollen65

in several Polish cities from 3 to 10 days. Andrews et al. (2017) found decorrelation times from 6 to more than 24 hours for

AOD and AAOD (absorption AOD) from AERONET. Kaku et al. (2018) found temporal decorrelation times of 3 days for

surface PM2.5 measurements but only a day for AOD observations. Sayer (2020) calculated decorrelation times (there defined

as ρ(τ∗) = e−3) of a few days for AERONET sites, with tropical biomass burning sites showing longer decorrelation times of

about a week. Perkins et al. (2022) found very short temporal decorrelation times of a few hours for CCN (3 hrs at 10% super70

saturation (SS) and 8 hours at 1% SS) at the US Southern Great Plains site. Chau et al. (2021) obtained decorrelation times of

1 day to 2 weeks for surface PM2.5 but 1 to 3 days for satellite AOD for several cities in the Middle East.

In addition to temporal autocorrelations, there are also spatial autocorrelations that have been studied for aerosol (Targino

et al., 2005; Kovacs, 2006; Afonin et al., 2008; Shinozuka and Redemann, 2011; Weigum et al., 2012; Nowosad et al., 2015;

Mishra et al., 2016; Sullivan et al., 2017; Chau et al., 2021; Leblanc et al., 2022) but they are not part of this paper.75

In spite of the many studies of temporal autocorrelations, no global dataset of autocorrelations exists. We also have neither

a conceptual nor a process-based understanding of what determines temporal autocorrelations.

In this paper, we will provide, for the first time, a global climatology of satellite-observed autocorrelations. In addition,

we will address the following questions: how are temporal autocorrelations (and in particular decorrelation times) related

to lifetimes? Which aerosol processes affect temporal autocorrelations? Is it possible to observe temporal autocorrelations80

2AErosol RObotic NETwork, https://aeronet.gsfc.nasa.gov
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from Low-Earth-Orbit (LEO) satellites (to leverage their global coverage)? How do AEROCOM models evaluate against

observations of autocorrelations?

The paper is structured as follows. Section 2 describes the observational and model datasets we’ll use, as well as the col-

location procedure for creating subsets of the data with identical spatio-temporal sampling. It also provides the definition of

temporal autocorrelation and how we adapt this into an algorithm that can deal with spatio-temporally sparse data. Section 385

provides a conceptual model of temporal autocorrelations using a simple box model, while Sect. 4 explores which aerosol

processes determine autocorrelations using Perturbed Parameter Ensembles (PPEs). The evaluation of satellite-observed au-

tocorrelations with AERONET is shown in Sect. 5. A comparison of autocorrelations in various satellite products is given in

Sect. 6. A global climatology of temporal autocorrelations is shown in Sect. 7, together with an analysis of interannual variabil-

ity. An evaluation of AEROCOM3 model autocorrelations is shown in Sect. 8. The paper ends with a summary and discussion90

in Conclusions. This paper comes with supplementary material to which we often refer for additional support of our work.

2 Observations, models and methods

2.1 AERONET

AERONET (Holben et al., 1998) Direct Sun L2.0 V3 (Giles et al., 2019; Smirnov et al., 2000) data were downloaded from

https://aeronet.gsfc.nasa.gov. The main product is AOD at 550nm, which was interpolated from nearby wave-95

lengths. These AOD observations are based on direct transmission measurements of solar light and have a high accuracy of

±0.01 (Eck et al., 1999; Schmid et al., 1999). Only sites that were identified as having a high degree of maintenance (q ≥ 2)

by Kinne et al. (2013) were used. Mountain sites (altitude ≥ 1500 m) were also removed, as well as four sites (Canberra,

Crozet Island, Amsterdam Island and Tinga Tingana) that have low correlations with and/or high biases vs all satellite products

(Schutgens et al., 2020). The final AERONET data used in the current study is identical to that used in Schutgens et al. (2020).100

2.2 Satellite products

As part of the AEROCOM Remote Sensing experiment, original satellite L2 data were aggregated unto a regular spatio-

temporal grid with spatio-temporal grid-boxes of 1o × 1o × 30min. These super-observations are more representative of global

model grid-boxes (∼ 1o − 3o in size) while allowing accurate temporal collocation with other datasets. The use of super-

observations also reduces data amount significantly without much loss of information (at the scale of global model grid-boxes).105

A list of products used in this paper is given in Table S1.

The main data is AOD at 550 nm, the wavelength at which models typically provide AOD. If AOD was not retrieved at this

wavelength, it was interpolated (or extrapolated) from nearby wavelengths.

3AERosol Comparisons between Observations and Models https://aerocom.met.no
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All products were provided globally for three years (2006, 2008 and 2010, years used in AEROCOM control studies). Many

products only provided data over land. Seven datasets belong to sensors that have an equatorial crossing time in the morning,110

and another nine belong to sensors that have an equatorial crossing time in the afternoon.

The satellite data used in the current study is identical to that used in Schutgens et al. (2020) and, for POLDER4, Schutgens

et al. (2021). It should be noted that the AATSR5 products have seen new versions appear since then. We decided to continue

using the older products to allow continuity. The products most analysed in the current paper (MODIS6 DarkTarget, MODIS-

BAR7 and POLDER-GRASP8) have not seen any upgrades. For POLDER-RemoTAP, we obtained a newer version, as we115

originally only had data for 2006 (in Schutgens et al. (2021) this product was called POLDER-SRON). The new version of

RemoTAP provides data for 2008 and 2010 as well and performs better against AERONET.

2.3 AEROCOM models

The model data used in this paper belong to the AEROCOM Phase III CONTROL experiment, see Table S2. These partic-

ular model data were created as part of the Remote Sensing experiment (https://aerocom.met.no/experiments/RemSens) that120

produced, amongst others, AOD at 550 nm at high temporal frequency (3-hourly) for 2006, 2008 and 2010. CONTROL simu-

lations use nudged meteorology to enable close comparison to observations. These data have been used before, in Zhong et al.

(2022, 2023).

2.4 Perturbed Parameter Ensembles and emulators

Two Perturbed Parameter Ensembles are used in this study, based on the global aerosol models UKESM1-A9 and ECHAM-125

HAM10. The UKESM1-A model (Sellar et al., 2019) is related to the HadGEM model participating in AEROCOM (see

Table S2) but includes additional Earth system processes (it uses identical grid resolution). The UKESM1-A PPE (Regayre

et al., 2023) has 221 members and 37 perturbed parameters and was run for December 2016 to November 2017. The ECHAM-

HAM model (Tegen et al., 2019; Neubauer et al., 2019) is an updated version of the ECHAM-HAM model participating in

AEROCOM (see Table S2) (it uses identical grid resolution). The ECHAM-HAM PPE (Bhatti et al., 2026) has 221 members130

and 23 perturbed parameters and was run for 2010. The PPE members’ meteorology was nudged to ERA-Interim reanalysis.

A list of perturbed parameters is shown in Table S3 from which we can see there are both similarities and differences in

the choice of perturbed parameters. In particular, the ECHAM-HAM PPE is more focused on emission uncertainties while

the UKESM1-A PPE is more focused on uncertainties in (aerosol-) cloud processes. Table S3 does not list all UKESM1-A

perturbed parameters but only those that are important in the current analysis.135

4POLarization and Directionality of the Earth’s Reflectances
5Advanced Along-Track Scanning Radiometer
6Moderate Resolution Imaging Spectroradiometer
7Bayesian Aerosol Retrieval
8Generalized Retrieval of Aerosol and Surface Properties
9United Kingdom Earth System Model

10European Centre HAmburg Model-Hamburg Aerosol Module
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The value range of parameter perturbations is based on expert elicitation (Lee et al., 2013) and prior work on PPEs (Regayre

et al., 2018; Yoshioka et al., 2019; Johnson et al., 2020). Values are selected using Maximin Latin hypercube sampling (Lee

et al., 2013) which distributes those values as evenly as possible across parameter space. Gaussian Process emulators (O’Hagan,

2006) were constructed for regional, yearly AOD and autocorrelations, using the ESEm11 package (Watson-Parris et al., 2021a).

Emulator skill was assessed in the usual way, by estimating AOD and autocorrelations for one PPE member after being trained140

on the other 220 members, and repeating this for all members. The ECHAM-HAM emulator showed significantly higher skill

than the UKESM1-A PPE, likely due to the larger number of perturbed parameters for the same ensemble size.

A-priori parameter value distributions and the emulators were used to construct ensembles of 1 million variants for either

the UKESM1-A or ECHAM-HAM model that will be analysed in Sect. 4. It is not our purpose to compare these two emulators

but rather to show that irrespective of model and perturbed parameter choices, similar conclusions may be drawn with respect145

to the information content of autocorrelations.

2.5 Collocation procedure

To reduce representation errors (Colarco et al., 2014; Schutgens et al., 2016a, b, 2017) in our analyses, all data will be col-

located in space and time. Observational datasets are aggregated to the same spatio-temporal grid 1o × 1o × 3hr, after which

collocation is achieved by retaining only data available at the same times and locations in all relevant datasets (a simple mask-150

ing operation). Model data is linearly interpolated to times and locations of available super-observations. More details can be

found in Appendix A of Schutgens et al. (2020). Representation errors are not eliminated by this procedure, as the field-of-view

of AERONET sites is very limited (Schutgens, 2020), the satellite 1o × 1o is seldom fully covered and the model grid-boxes

vary from 0.5o×0.5o to 2o×3o. In addition there will be small time differences between satellite products and AERONET data

(maximally 3 hours but usually less). Our previous work (and the analyses in this paper) suggest that our collocation procedure155

strongly reduces representation errors. At some locations, representation errors will exhibit biases due to prevailing aerosol spa-

tial distributions and seasonalities (Schutgens, 2020). This is unavoidable due to the differences in spatial representativeness of

our datasets. Our use of regional averages in this paper should mitigate this issue.

Although satellite sampling is expected to affect the absolute value of autocorrelations, we will evaluate the robustness of

the information that can be drawn from climatological patterns and the implications for climate models. See Sect. S2 for more160

detail.

2.6 Autocorrelations

For a finite, discrete time-series fi of N elements at times ti with constant timestep ∆t= ti+1 − ti, we can rewrite Eq 2 as:

ρ(k∆t) =
< (fi −µ)(fi+k − µ̃)>

σσ̃
=

< fifi+k >−µµ̃

σσ̃
(4)

11Earth System Emulator, https://github.com/duncanwp/ESEm
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where <> now indicates a time average over only part of the time-series i= 1 . . .N−n, and n∆t is the maximum lag and k∆t165

is the specific lag at which we calculate the autocorrelation (0≤ k ≤ n). The mean µ and standard deviation σ are calculated

for fi while µ̃, σ̃ are calculated for fi+k.

In case of a discrete time-series fi of N elements at times ti with a varying time separation ti+1 − ti > 0 we can define a

nominal time-step ∆t. This nominal time-step might be the average time-step or the minimum typical time-step, for example

1 day for Low-Earth-Orbit platforms. We can now create two subsets of fi called gj and g̃j with j = 1 . . .N −n and |t̃j −170

tj − k∆t| ≤ 1
2∆t. These subsets are two series shifted in time by (nominally) k∆t. The value of n is no longer related to a

maximum lag but rather is set by the specific time ordering of the original series and the condition |t̃j − tj −k∆t| ≤ 1
2∆t. It is

likely that n will vary with k (which determines the lag). In any case, we can now write the autocorrelation as:

ρ(k∆t) =
< gj g̃j >−µµ̃

σσ̃
(5)

where µ,σ are the mean and standard deviation calculated for gj and µ̃, σ̃ are calculated for g̃j .175

The irregular time sampling is a form of sub-sampling and will have an impact of the value on ρ. Fortunately, it is possible

to estimate the impact of this sub-sampling through model studies as in Sect. S2. More-over, as long as the sub-sampling is

applied consistently (i.e. applied equally in all datasets that are used in an analysis), no negative impacts are expected.

As suggested, Eq. 5 can also be used for satellite observations. However, revisit times of the same location may be several

days (depending on orbits, swath width, cloudiness and various factors affecting success of the retrieval), leading to low data180

counts. We solve this by swapping space for time: all time-series within a region (see Fig. 1) will be used to calculate the

autocorrelation. This is achieved by including all data over a region in fi while ensuring that individual gj g̃j always refer to

the same location (1o × 1o grid-box). The impact of the sub-sampling and the space-time trade is investigated in Sect. S2.

2.7 Regions of interest

Figure 1 shows the regions for which we will conduct our analyses. We have chosen rather large regions, known for particular185

aerosol typologies. They correspond to the regions used in Schutgens et al. (2020) and Schutgens et al. (2021). The analyses

presented in this paper can be made for smaller regions but at the moment we only want to present a broad overview.

3 Timescales in a simple box model

In this section, we develop a conceptual model for autocorrelations using a simple box model. This simple box model (Jacob,

1999) can be used to generate time-series:190

dm(t)

dt
= S(t)− km(t), (6)

where m(t) is the mass inside a box, S(t) the source of this mass (which could be any combination of emission, production

and inflow) and k is the rate constant for first order loss processes due to deposition, destruction and outflow. In equilibrium,

m= S/k and the lifetime associated with this system is T = 1/k.
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Figure 1. Regions considered in this study. Colours indicate aerosol typologies: marine (blue), dust (red), industrial (yellow), biomass burning

(green). The Pacific regions extend west (left) of the dateline. The Middle East region is not labelled but can be seen between Sahara and

South East Asia regions. The Australia region is in black since it was flagged as a particularly challenging region for retrievals in Schutgens

(2020), see also Sayer et al. (2014).

In this paper, we take this box to be the entire atmospheric column over large areas, like in Fig. 1. The loss rate constant195

k = kd+ko is the sum of two separate loss rates kd due to deposition (and destruction) and ko due to outflow. We assume that

a fairly typical loss rate for deposition (and destruction) is given by the global lifetimes as estimated by AEROCOM models

that vary from 3 to 9 days, and are usually less than 1 day over remote oceans (Textor et al. 2006, Gliss et al. 2021), although

there may be strong regional variations (Schutgens and Stier, 2014). The lifetimes associated with outflows are undocumented

in AEROCOM models, but can be estimated from typical windflow speeds v and box sizes L as L/v. From ERA5 data, we200

estimate that typical windspeeds at 100 m above the surface over land and ocean are ∼ 2.5 m/s vs ∼ 7.5 m/s.These windspeeds

are dominated by the longitudinal component. For a box with a size of L= 3000 km, we then arrive at outflow related lifetimes

of 13.8 days over land and 4.6 days over ocean. Over high southern latitudes, oceanic windspeeds may be substantially larger

(∼ 15 m/s) but so are our boxes (see Fig. 1). Consequently, lifetimes 1/k over large areas will be dominated by deposition

although some contribution from outflow may be expected.205

Consider now a system that has been in equilibrium for an infinite amount of time, but at t= 0 we add an instantaneous

pulse to the source, S(t) = S0 +∆mδ(t), where δ(t) is the Dirac delta. The solution is

m(t) =




m0 =

S0

k
if t < 0

m0 +∆me−kt if t≥ 0

(7)

Applying Eq. 2 for autocorrelations, we find ρ(τ) = e−kτ . This implies that the decorrelation time is equal to the lifetime of

the system: τ∗ = T .210

If we now consider a system in equilibrium that is perturbed by a rectangular pulse of duration Θ, the mathematics become

substantially more complicated but it can be shown that the decorrelation time is a non-linear function of Θ and the lifetime

8
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Figure 2. Decorrelation times τ∗
m versus lifetimes T = 1

k
for several parameter combinations (cS ,k) in the simplebox model Eq. 6. Shown

are averages over a sample of 100 times-series, with the bars indicating one standard deviation. Colors indicate cS values (some values are

also shown; dark to light blue refers to cS = 0.5,0.9 and 0.95). The black line represents y = x.

(and nothing else, see Section S1). In nature, we expect Θ to often be much greater than the lifetime: examples are dust or fire

seasons that last a month or longer and project a strong seasonality in the source term S(t). Based on algebraic and numerical

analysis, we expect the magnitude of the decorrelation time to be dominated by Θ. The lifetime can, in principle, still be215

estimated from autocorrelations, since ρ(τ ≥Θ) = e−kτ .

We also consider numerical simulations of m(t) for the case of a time-varying source S(t)> 0. The source is generated

from a simple autoregressive AR(1) model or first order auto-regressive process, see Box et al. (2016),

St = cSSt−1 + ϵt (8)

with ϵt uncorrelated random noise and 0< cS ≤ 1. This results in a time-series of random but correlated S(t)> 0, with a220

correlation cS after one time-step (we will use a time-step of 1 hour). The integration of Eq. 6 is done with a 4th-order Runge-

Kutta method (Press et al., 1989). The initial conditions are the equilibrium values S(t= 0) = S0 (which will also be the mean

< S(t)>) and m(t= 0) =m0 = S0/k. The parameters of this system are 0< cS ≤ 1 and k > 0, which we may freely choose.

Without limitation to our analysis, we choose S0 = 1 and rescale S(t) so that it has a standard deviation of 0.2 (independent of

cS). Example time-series of S(t) and m(t) are shown in Fig. S1.225

For several parameter combinations (cS ,k) we generate 100 time-series of S(t) and m(t) and calculate both the lifetime

and decorrelation time for m(t). Results are shown in Fig. 2. We see that for low correlations in S(t), the decorrelation time

for m(t) (τ∗m) is very similar to the lifetime T . However, for high correlations in S(t), the decorrelation time tends to be higher

than the lifetime for T . In that case, the slowly varying source term S(t) strongly affects the time evolution of m(t).

A decorrelation time τ∗S for the S(t) fluctuations can be estimated from Eq. 4 and varies from about 1.5 hours to 1000 hours230

for our choices of cS (with higher cS implying higher τ∗S). Interestingly, τ∗m−τ∗S , which is the decorrelation time of m(t) minus

the decorrelation time of S(t), agrees very well with the lifetimes, see Fig. 3.
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Figure 3. Modified decorrelation time τ∗
m − τ∗

S versus lifetime 1
k

for the same parameter combinations (cS ,k) as in Fig. 2. The black line

represents y = x.

Further numerical experiments are shown in Fig. S2 where the source S is generated from an auto-regressive process as

before but also has a finite-width rectangular pulse imposed on it. The decorrelation time is then defined by three time-scales

(T,τ∗S and Θ) as well as the relative amplitude of the random noise and the pulse.235

Our conclusion is that decorrelation times are a complex mixture of the time-scales relevant to the aerosol: the lifetime set

by deposition (with a minor contribution from outflow) and the multiple time-scales present in emission and/or inflow (dai-

ly/weekly fluctuations and seasonal events). For certain circumstances, it appears possible to estimate lifetimes from decorre-

lation times, provided enough is known about the variation of emissions (and inflow).

4 Which aerosol processes affect temporal autocorrelations?240

In this section we investigate which aerosol processes determine autocorrelations. Conversely, observations of these auto-

correlations can help us improve those processes in global models. Although it may be difficult to estimate lifetimes from

autocorrelations (Sect 3), autocorrelations will be shown to nevertheless provide useful and novel information. Our primary

dataset for the analyses in this section consists of two Perturbed Parameter Ensembles, see Sect. 2.4 .

Figure 4 shows a fractional variance analysis for yearly AOD and the temporal autocorrelation at a lag of 6 days (ρ6) for245

the ECHAM-HAM PPE, for the regions defined in Sect. 2.7. Such an analysis shows how much the uncertainty in different

processes (here represented by perturbed model parameters) contributes to the overall uncertainty in AOD or ρ6. The first thing

to notice is that the same processes are important for AOD and ρ6 variance, although their relative contributions can be quite

different.

For example for the Sahara region, dust emission (EMI_DUST, see Table S3 for definitions) almost completely determines250

the variance in AOD but it matters much less to ρ6 whose variance comes from several parameters, including biomass emissions

(EMI_BB) and dust absorption (DU_RAD_NI). For the Australia region, seasalt emissions (EMI_SSA) are the most important
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Figure 4. Fractional variance in modelled AOD (left) and ρ6 (right) as derived from the ECHAM-HAM emulators for various regions. Only

fractional variances > 0.05 are shown.

process for AOD variance but dust emissions (EMI_DUST) dominate ρ6. As a matter of fact, biomass emissions (EMI_BB) are

more important to ρ6 than seasalt emissions (EMI_SSA). For the Siberia region, dust emissions (EMI_DUST) are the dominant

process for AOD variance, but they barely affect ρ6 where biomass emissions (EMI_BB) causes about 60% of the variance.255

Likewise in the Tropical Atlantic ocean region, seasalt emissions (EMI_SSA) are the dominant process for AOD variance,

but it matters much less for ρ6 where biomass emissions (EMI_BB) accounts for about 70% of the variance. In the southern

oceanic regions, dry deposition of accumulation mode (DRYDEP_ACC) is significantly more important to ρ6 than to AOD

variance. We can interpret these findings in the context of the simple box model. For very clean regions (Hamilton et al., 2014)

with relatively little inflow like the southern oceanic regions, it is unsurprising that deposition processes (strongly related to260

kd in Sect. 3) have a large impact on ρ6. However, seasonal inflow of biomass burning aerosol can explain the results for the

Tropical Atlantic ocean, where the ρ6 variance is strongly impacted by biomass burning emissions, similar to how seasonal

events affected ρ in Sect. 3.

We can also look at how the two dominant processes affect AOD and ρ6 per region. For a few representative regions,

we provide examples in Fig. 5. For the Europe and North America regions, the fractional variance analysis in Fig. 4 does265

not suggest substantial differences between AOD and ρ6. But Fig. 5 shows that AOD and ρ6 for these two regions react

differently to changes in either fossil fuel (EMI_FF) or dust (EMI_DUST) emissions. In particular, if we knew the value of

AOD (represented by an arbitrary contour line for AOD), this would not constrain these processes (their parameters) very

much. But if we knew both AOD and ρ6, fossil fuel and dust emissions could be constrained significantly for the ECHAM-

HAM model. We see something similar for the South Indian ocean region, but now for seasalt emissions (EMI_SSA) and270

dry deposition of the accumulation mode (DRYDEP_ACC). Only for the Boreal America region do AOD and ρ6 seem not to

provide complementary information (at the moment, we do not have an explanation for this; ρ6 may contain information on

another, less important, model processes but that was not explored). A similar situation exists for the Savannah (not shown).
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Figure 5. Dependence of AOD and ρ6 in ECHAM-HAM on dominant parameters for selected regions. AOD is shown as a filled contour

map that uses the colourbar on the right. ρ6 is shown as contour lines with labelled values. Here the parameter values have been normalised

according to their max-min spread across the ensemble of 1 million variants of ECHAM-HAM. The black dot represents the default parameter

choice.

We conclude that ρ6 contains information independent from AOD, and that it seems possible to interpret ρ6 using the

conceptual model developed in Sect. 3.275

A similar analysis can be made for UKESM1-A. Our purpose is not to compare UKESM1-A to ECHAM-HAM (their PPEs

were built for different purposes and used different combinations of perturbed parameters) but to see if, again, ρ6 contains

useful information that may be interpreted through our conceptual model. Figure 6 shows the fractional variance analysis

for UKESM1-A, that again suggests similar processes matter for AOD and ρ6 variance, but their impact on variances is

different. For the Australia region, seasalt emissions (sea_salt) matter for AOD but not for ρ6 which is instead controlled by280

SOA production from monoterpene (bvoc_soa) and dry deposition of the accumulation mode (dry_dep_acc). Over the Europe

region volcanic SO2 emissions (volc_so2) matter greatly for ρ6 but not to AOD, just like the emitted size of primary SO4

(prim_so4_diam) matters greatly to ρ6 for the South East Asia region but not to AOD. For the North and Boreal America

regions, ρ6 is strongly affected by SOA production from monoterpenes (bvoc_soa) but AOD not so much. Again we see the

stronger impact from a deposition process (dry_dep_acc) on ρ6 than on AOD over remote ocean regions. In UKESM1-A dust285

emissions were not perturbed, so the impact due to seasonal inflow on ρ6 as seen in the ECHAM-HAM PPE (for the North

Atlantic, Tropical and North Pacific ocean regions) is absent. In contrast, there is a markedly strong impact from dimethyl

sulfide (dms) emissions on the oceanic ρ6 (but not AOD). This is possible if dms emissions have a strong seasonal cycle that

influences autocorrelations (Bhatti et al., 2023, 2024).

Also for the UKESM1-A PPE, we conclude that ρ6 contains information independent from AOD, which is further explored290

in Fig.7. Again we see that the two processes that dominate variance in AOD and ρ6 often have a very different impact allowing

us to constrain their parameters from observations of AOD and ρ6 together, but not separately.

To conclude, these analyses provide a wealth of evidence that ρ6 contains independent and additional information to regional

AOD, on important aerosol processes. In particular, processes that sensitively affect ρ6 like fossil fuel, biomass burning, seasalt

and DMS emissions as well as accumulation mode dry deposition (EMI_FF, EMI_BB and EMI_SSA in ECHAM-HAM and295

sea_salt, dry_dep_acc, and dms in UKESM1-A) are known to contribute significantly to the uncertainty in global aerosol
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fractional variances > 0.05 are shown.
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Figure 7. Dependence of AOD and ρ6 in UKESM1-A on dominant parameters for selected regions. AOD is shown as a filled contour map

that uses the colourbar on the right. ρ6 is shown as contour lines with labelled values. Here the parameter values have been normalised

according to their max-min spread across the ensemble of 1 million variants of UKESM1-A. The black dot represents the default parameter

choice.

forcing (Regayre et al., 2026; Bhatti et al., 2026). The fact that the two PPEs give different results as to which parameters can

be estimated is not relevant to this conclusion. That is the result of the PPEs being different, both with respect to the actual

model, and to the parameters that are perturbed.

5 Evaluation of satellite observed autocorrelations300

Satellite observed autocorrelations can be evaluated with AERONET measurements. In this section, super-observations of

AOD are first collocated with AERONET observations (see Sect. 2.5), after which autocorrelations will be calculated for the

collocated data in individual regions according to Sect. 2.6.
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Figure 8. Evaluation of satellite observed regional averaged AOD with AERONET. Each symbol is the regional AOD for a specific region

and lag. Colours indicate regions (red: deserts, blue: ocean, green: biomass burning, yellow: North America, Europe, South-East Asia, black:

Australia). Symbols indicate lags (upward triangle: 3 days, square: 6 days, downward triangle: 9 days, dots: all other lags from 1 to 14 days).

Statistics are shown for symbols based on at least 30 data pairs (upper left) or at least 300 (lower right). The mean, standard deviation,

Pearson correlation, an unbiased slope estimate (OLSB) and the number Nr of regions/lags are shown. The dashed black line represents

y = x.

The evaluation of regional averaged AOD for four satellite products can be seen in Fig. 8, showing an excellent agreement

with AERONET. Such agreement is seldom seen in standard evaluations of satellite observations, and is here achieved through305

the substantial spatio-temporal averaging of (collocated) data that removes random error contributions (both retrieval and

representation errors). Even so, some sizeable biases can be seen, for example for Aqua-DT (DarkTarget) over the Savannah

(cluster of green points below y = x). Results for all satellite products are shown in Fig. S6.

Figure 9 shows the evaluation of autocorrelation for the same four products. Although the same data were used in both

analyses, the evaluation appears noisier than for regional AOD in Fig. 8. Regional averaged AOD will mostly suffer from biases310

in the AOD super-observations while autocorrelations will suffer mostly from random errors. This is a direct consequence of

the mathematical properties of averages and autocorrelations. Consequently, Figs. 8 and 9 provide complementary information

on the performance of satellite products.

As for the satellite observed autocorrelations, overall there is good agreement with AERONET. In particular, AERONET

confirms the wide range of autocorrelations for biomass burning regions, the clustering of autocorrelations around 0.2–0.4 for315

desert regions and 0.3 for North America, Europe and South-East Asia. Similarly, AERONET confirms the low autocorrelations

(≈ 0.1) that can be found for most (but not all) oceanic regions. Results for all satellite products are shown in Fig. S7. They

show similar results as Fig. 9, although often a bit noisier. The individual evaluations can’t be compared amongst each other

because the underlying sampling is different: different orbits, swath widths and masking (due to e.g. clouds) result in large

differences in the spatio-temporal sampling of the datasets (collocated with AERONET), see also Fig. S4. Nevertheless, our320

analysis suggests that in particular the MODIS and POLDER products are capable of observing autocorrelations.

Since averaging seems to be so important, we consider the impact of the number of data pairs used on the errors in satellite

observed autocorrelations in Fig. 10. Clearly, these errors decrease as the data count increases, a sign of the presence of
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Figure 9. Evaluation of satellite observed autocorrelations with AERONET. Each symbol is the correlation for a specific region and lag. For

more explanation, see the caption to Fig. 8
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Figure 10. Impact of data count on satellite errors (satellite ρ - AERONET ρ) in Fig. 9. See caption of Fig. 9 for more explanation. Note that

AOD retrievals over Australia (black) are known to be problematic (Sayer et al., 2014; Schutgens et al., 2020).

substantial random errors in AOD. This partly explains why GRASP and RemoTAP show larger errors than the Aqua products:

they have fewer collocations with AERONET and the data count is substantially lower, in particular for the biomass burning325

and oceanic regions.

6 Comparison of satellite observed autocorrelations

In this section we compare satellite observed autocorrelations between satellite products, in the hope of improving our under-

standing of the robustness and accuracy of these measurements. Although the comparison in this section is not fundamentally

different from the evaluation in the previous section, a couple of changes are worth noting: 1) there will be many more collo-330

cated data, hopefully reducing noise; 2) the data will be more spread out over a region, increasing its representativity (this is

especially true over ocean: in Sect. 5, data from AERONET only exist near the coast or on islands); 3) there is no longer a clear

’truth’ dataset (in Sect. 5, we implicitly assumed that AERONET observed autocorrelations have negligible errors compared

to their satellite counterparts); 4) the impact of representation errors on observed autocorrelations should be reduced as we no

longer compare satellite super-observations to point observations from AERONET.335
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Figure 11. Comparison of satellite observed autocorrelations. Each symbol is the correlation for a specific region and lag. Colours indicate

regions (red: deserts, blue: ocean, green: biomass burning, yellow: North America, Europe, South-East Asia, black: Australia). Symbols

indicate lags (upward triangle: 3 days, square: 6 days, downward triangle: 9 days, dots: all other lags from 1 to 14 days). Statistics are shown

for symbols based on at least 300 data pairs (upper left) or at least 3000 (lower right). The mean, standard deviation, Pearson correlation, an

unbiased slope estimate (OLSB) and the number Nr of regions/lags are shown. The dashed black line represents y = x. This figure is similar

to Fig. 9 but the lower thresholds for minimum data pairs are 10× higher. In this analysis the Australia region is included. Bias and standard

deviation for RemoTAP vs Aqua-DT change to -0.02 resp. 0.06 if the Australia region is excluded.

We show a few individual comparisons in Fig. 11. The analyses in this figure mostly show pretty tight agreement between

satellite datasets, with the OMEARUV vs AVHRR comparison the obvious exception. A clear example of a bias can be seen

for the Australia region between RemoTAP and Aqua-DT. It is unclear which product here is the bigger offender, especially as

sampling differs very much from that of the other analyses (e.g. Aqua-DT vs Aqua-BAR or Aqua-DT vs AERONET).

In Sect. 5, we showed that errors in autocorrelations depend on the count of data pairs. These counts substantially increase340

when comparing two satellite products. For example, in the previous section Aqua-DT evaluation with AERONET was based

on typically 733 data pairs per region/lag, with substantial differences between between land and ocean (1,124 vs 119), on

account of the dearth of AERONET sites over the latter. In contrast, the comparison of Aqua-DT to RemoTAP, is based on

44,282 (all regions), 36,884 (land) and 53,529 (ocean) data pairs, increases by factors of 60, 33 and 450. This should reduce

statistical noise and random contributions to the errors.345

Unfortunately, it is also possible that errors in satellite AOD correlate, and lead to a fortuitous cancelling of terms in the Root

Mean Square Differences (RMSD) for ρ. However, it is quite hard to see how errors in AOD can correlate for very different
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Figure 12. Shown are the RMSD for autocorrelations for all regions/lags, for either two collocated satellite products (vertically stacked

symbols) or any satellite product collocated with AERONET (offset right-pointing triangle). Only products with either an afternoon (9 left-

most) or morning (7 right-most) over-pass time are compared. The colours of the symbols correspond to different datasets, as shown on

the horizontal axis. For increased clarity, MODIS-DT & BAR are further indicated by upward-pointing triangles, and GRASP & RemoTAP

by squares. Each RMSD was calculated for a different sampling, as dictated by the collocation of two datasets. Autocorrelations for the

Australia region were not included in the RMSD.

sensor/retrieval combinations like RemoTAP & Aqua-BAR or Terra-DT & AATSR-SU. For different retrievals from the same

sensor we can study correlations in AOD errors through a triple collocation with AERONET. For Aqua-DT and Aqua-BAR,

this triple collocation does not lead to much data loss compared to Sect. 5 and we find that errors in AOD (with respect to350

AERONET) in DarkTarget and BAR have a low correlation of ∼ 0.45. DarkTarget AOD errors (with respect to AERONET)

are on average twice as large as those in BAR. In short, we do not believe a fortuitous cancelling of errors is the reason for

decreased RMSD for the satellite products shown in Fig. 11.

As a matter of fact, satellite products usually agree better amongst themselves than with AERONET. In Fig. 12 the RMSD

are shown for the autocorrelations per region/lag. Each RMSD is calculated from its own collocation of two satellite products355

or any one satellite product and AERONET. A direct comparison of the RMSD values is consequently hampered by sampling

differences, see also Fig. S4. On average, we see a ∼ 30% improvement in RMSD when comparing two satellite products than

when evaluating one product with AERONET, but obviously there are substantial differences depending on the products.

We think the analyses presented in this section strongly suggest that satellite observed autocorrelations can have uncertainties

of 0.04, at least for the better performing products (e.g. RemoTAP, Aqua-BAR). We arrive at this number by taking a value of360

0.06 from Fig. 12 and assuming that both satellite products contribute equally. This uncertainty is supported by the evaluation

with AERONET, for example Aqua-BAR has an uncertainty of 0.05. Clearly this is a one-size-fits-all uncertainty estimate and

we hope to provide more detailed (product and spatially-aware) uncertainty estimates in the future.
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Figure 13. Temporal autocorrelations for a 3-year climatology from RemoTAP (black) and the individual years(colors), for selected ocean

regions. Also shown, for lags of 3, 6 and 9 days, are the 3σ uncertainty estimates from Sect. 6. The number of used data pairs is also indicated.

7 A 3-year climatology of global autocorrelations

In this section we will introduce a global 3-year climatology of temporal autocorrelations from RemoTAP, as well results for365

individual years.

The observations over oceans, see Fig. 13, suggest that southern oceanic regions have very low autocorrelations already

from 3 days lag, while northern oceanic regions have slightly higher autocorrelations. The highest autocorrelations, however,

are found for the tropical Atlantic and Indian ocean regions and it is tempting to think this may be related to continental

outflows that imprint some persistence on the aerosol fields, in contrast to the remote oceans where aerosol emissions fluctuate370

with windspeeds.

For land regions, see Fig. 14, we see a more varied result. Especially noteworthy is the contrast between the biomass burning

regions: the Amazon and the African Savannah regions have high autocorrelations while the Boreal America and Siberia

regions have low autocorrelations. This may be related to the length of the biomass burning season which is fairly long in the

Tropics and much shorter in the boreal regions.375

Similar results for Aqua-DT are shown in Fig. S10 and S11. Aqua-DT has a substantially higher data count than RemoTAP,

by factors of 13 (all regions), 6 (land) and 19 (ocean). Results are overall quite similar, with one notable difference: the

very low autocorrelations for Aqua-DT over the southern oceans. The differences can to a large extent be explained by the

aforementioned sampling differences between the two products, see Fig. S4.

Yearly autocorrelations for RemoTAP are not that different than the 3-year climatology, especially over ocean. For Aqua-380

DT these differences are even smaller, again suggesting the importance of data count and sampling. See also the analyses in

Fig. S5.

Based on the data presented, autocorrelations exhibit strong regional variability, with only limited inter-annual variability.
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Figure 14. Temporal autocorrelations for a 3-year climatology from RemoTAP (black) and the individual years(colors), for selected land

regions. Also shown, for lags of 3, 6 and 9 days, are the 3σ uncertainty estimates from Sect. 6. The number of used data pairs is also indicated.

8 Evaluation of AEROCOM models

Figures 15 and 16 show autocorrelations for various regions from models and the RemoTAP product. Quite generally, auto-385

correlations decline quickly in the first few days and then reach a plateau. This is true for both the models and observations.

The values in the plateau, from a lag of about 6 days and onward, vary significantly from region to region, and from model to

model.

In all oceanic regions it is clear that many models overestimate autocorrelations, sometimes quite substantially. Individual

models do not show systematic biases across all oceanic regions. For example, HadGEM agrees well with the observations for390

the Tropical Indian ocean, overestimates it in the Tropical Pacific (although not excessively more than most models), but is a

real outlier of overestimation in the North Atlantic.

In Fig. 15 and 16 we also show the 3σ = 0.12 uncertainty range as estimated in Sect. 6. Models that lie outside this 3σ

uncertainty range can confidently be considered as predicting incorrect autocorrelations (provided our uncertainty estimate is

reasonable). For comparison, actual errors of the observed autocorrelations vs AERONET and differences vs Aqua-BAR) are395

also shown, to support our 3σ range. Note that we have argued that the errors versus AERONET tend to be on the high side

due to low data counts, while the differences versus Aqua-BAR will also be affected by errors in that product. It would appear

that temporal autocorrelations have a lot of power to distinguish model performance.
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Figure 15. Temporal autocorrelations for AEROCOM models (colours) and RemoTAP (black), for selected ocean regions. Also shown, for

lags of 3, 6 and 9 days, are the 3σ uncertainty estimate from Sect. 6, as well as errors vs AERONET (in red, from Sect. 5) and Aqua-BAR

(in yellow, from Sect. 6). Note that these uncertainties and errors were estimated for different sampling of RemoTAP.

For comparison, results for Aqua-DT are shown in Figs. S12 and S13. Aqua-DT has a substantially higher data count than

RemoTAP, by factors of 13 (all regions), 6 (land) and 19 (ocean). Overall, results are quite similar, and as we argued before,400

can to a large extent be explained by sampling differences and errors in observed autocorrelations.

The systematic overestimation by models over most regions can be interpreted as follows. According to our conceptual model

(Sect. 3), it would appear that modelled timescales in either sources or losses (or both) are too large. Over oceans this might

suggest insufficient removal or too large a contribution from outflows (itself caused by insufficient removal or overestimated

sources). A more in-depth analysis is out of the scope of this paper and would require constraining processes in models based405

on observed autocorrelations (a typical PPE exercise).
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Figure 16. Temporal autocorrelations for AEROCOM models (colours) and RemoTAP (black), for selected land regions. Also shown, for

lags of 3, 6 and 9 days, are the 3σ uncertainty estimate from Sect. 6, as well as errors vs AERONET (in red, from Sect. 5) and Aqua-BAR

(in yellow, from Sect. 6). Note that these uncertainties and errors were estimate for different sampling of RemoTAP.

The evaluation of individual models at a lag of 6 days (ρ6) is shown in Fig. 17 and 18. The figures show the evaluation

against Aqua-BAR, Terra-DT, AATSR-ADV and RemoTAP. As discussed before, regional autocorrelations will differ amongst

products due to varying sampling and different observational errors (the latter was estimated at ∼ 0.04, see Sect. 6). To help

with the interpretation, regression lines are also shown. Often these match quite closely between the four satellite products. All410

models show a general agreement with the satellite products but some models show quite a large spread (e.g. ECHAM-HAM,

ECHAM-SALSA, IMPACT and INCA) compared to others (e.g. ECMWF-IFS, HadGEM and Oslo-CTM). Several models

show a systematic overestimation of the correlation (e.g. ECMWF-IFS, GEOS5-replay, HadGEM. Oslo-CTM) while others

show an overestimation at larger modelled autocorrelations but seem fairly unbiased at lower modelled autocorrelations (e.g.

CAM5, CAM5.3-Oslo, and IMPACT). This analysis for four datasets is confirmed by most other datasets, see Figs. S8 and S9.415

The impact of grid resolution on errors in modelled autocorrelations seems to be unimportant. Of the two models run at high

resolution (ECMWF-IFS, 0.7o × 0.7o, and SPRINTARS, 0.56o × 0.56o), only ECMWF-IFS shows a small spread (yet still

shows a systematic bias). The spread (or bias) of ECMWF-IFS is not very different from that of HadGEM (1.88o × 1.25o), a

model run at substantially lower resolution. This reaffirms the position that resolution does not solve all climate model issues

and there is value in committing resources to other strategies, such as PPEs (Carslaw et al., 2026).420
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Figure 17. Correlations at a lag of 6 days for individual AEROCOM models and Aqua-BAR, Terra-DT, AATSR-ADV and RemoTAP (for

colours, see legend in plot for ECHAM-HAM). Each data point is the lag at 6 days for a specific region. Only region/lag cases with at least

3000 data pairs are shown. The coloured lines are regressions through the available datapoints. The satellite products were used at their

original sampling (and the models have been collocated to each product separately).

9 Conclusions

We present a study of temporal autocorrelations (also known as lagged correlations) of aerosol optical depth (AOD). As far as

we know, this is the first study to provide a global climatology of temporal autocorrelations. Furthermore, we are the first to

develop a conceptual interpretation of autocorrelations and analyse which aerosol processes determine them. Our paper also

provides the first ever estimate of the accuracy of satellite observed autocorrelations and an evaluation of AEROCOM modelled425

temporal autocorrelations. We show that temporal autocorrelations can be calculated from existing datasets yet provide new

climatically relevant information.

Using a simple box model for atmospheric aerosol, we infer a relationship between decorrelation times and local aerosol

lifetimes. When the sources fluctuate rapidly, the decorrelation time equals the local lifetime. With longer fluctuations in the

sources, the decorrelation time depends on both the local lifetime and the timescale for source fluctuations, often in a non-430

trivial manner. Using two Perturbed Parameter Ensembles (PPEs) for complex state-of-the-art aerosol models (ECHAM-HAM

and UKESM1-A) we identify aerosol processes that determine autocorrelations and conversely show how observations of

autocorrelations can be used to improve those processes. In particular we show that temporal autocorrelations often contain
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Figure 18. Same figure as Fig. 17 but for different AEROCOM models.

information independent from yearly AOD that should allow a more complete constraining of model parameters, with impli-

cations for model skill at simulating future climate.435

We show it is possible to construct global observational datasets of temporal autocorrelations from Low-Earth-Orbit space-

craft, even though such platforms have revisit times of one to several days. We provide evidence that the sparse sampling of

satellite data does not prevent meaningful interpretation, and evaluate observed autocorrelations from several satellite products

against AERONET. We estimate an uncertainty of 0.04 for the better performing satellite products.

Our analysis also suggests that temporal autocorrelations show the strongest change in the first week, and that autocorrela-440

tions at 6 days (called ρ6) may be a useful new metric. The satellite data in general show low ρ6 over oceanic regions, especially

the remote southern regions (ρ6 < 0.2) while well-known outflow regions like the tropic Atlantic and Indian oceans show much

higher autocorrelations ( ρ6 ∼ 0.55). Continental regions generally show higher autocorrelations, with Australia, the Amazon

and African Savannah regions showing ρ6 ∼ 0.6, industrialised regions (Europe, North-America and Asia) showing ρ6 ∼ 0.4

and remote continental regions (Siberia and Boreal America) having ρ6 ∼ 0.2.445

While interannual variability can be seen in our datasets, we provide evidence that this is more related to limited and varying

sampling from satellite than natural variability of the aerosol system. As our dataset only contains data for 2006, 2008 and

2010 we believe changes in ρ6 over larger periods due to systematically changing emissions are definitely possible.

To conclude our study we evaluate AEROCOM models with satellite observations of autocorrelations. Models tend to sig-

nificantly overestimate ρ6 over oceans and many continental regions, although over desert regions, Europe, North America and450

South-East Asia, different models either under- or overestimate the observations. This suggests that models either underesti-
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mate removal of aerosol or overestimate seasonal sources. We do not find evidence of a strong impact from model resolution

on its capability to model ρ6.

Our study suggests various avenues for further research. The simple box model may be used to explore a greater variety

of scenarios to better understand how autocorrelations are related to time-scales in local emissions or inflow. The PPEs (and455

emulators) may be used to explore whether autocorrelations other than ρ6 can provide additional information. Ultimately, the

PPEs should be used to constrain model parameters based on observations of autocorrelations to fully probe their information

content. To do this, it will be necessary to provide better uncertainty estimates than the one global value we have presented in

this paper. Our study suggests that the number of observations used is a strong indicator of observational uncertainty but this

effect is not yet included in our estimate.460

Although we have studied satellite observations because they provide a global view, our methodology can be applied to

arbitrary datasets. In particular, it could be interesting to explore surface black carbon concentrations (from e.g. ACTRIS12) to

better understand absorbing aerosol. Our methodology can also easily be modified to explore spatial autocorrelations which

may yet contain different information. A preliminary study suggests that over the regions studied in this paper, temporal and

spatial autocorrelations behave quite differently.465
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