
Method for Consistency Analysis of a set of space-borne Climate
Data Records: Application to Aerosol Optical Depth
Ulrike Stöffelmair1, Diana Dermann1, and Thomas Popp1

1German Remote Sensing Data Center (DFD), German Aerospace Center (DLR), 82234 Oberpfaffenhofen, Germany

Correspondence: Ulrike Stöffelmair (ulrike.stoeffelmair@dlr.de)

Abstract. The consistency of a set of satellite observations obtained with different algorithms from the same satellite instru-

ments can be used as an indicator for their robustness or reliability. For this four metrics to evaluate those characteristics are

defined and integrated into one overall consistency score per grid cell. These four metrics are: their median values, annual

cycle, median values, decadal trends and correlation. This paper discusses how a combination of these metrics can be used to

evaluate the overall consistency of different datasets for the same essential climate data variable.5

This study performs an examplary application of this approach on Aerosol Optical Depth (AOD) Climate Data Records (CDRs)

obtained from a series of 3 similar instruments from the Copernicus Climate Change Service (C3S). Assessing the consistency

of those CDRs is highly relevant because space-based aerosol information and their climate impact have substantial uncertain-

ties. The regional dependency of this consistency score shows the influence of surface properties and geographic regions. With

the consistency score, regions with robust information can be separated from more challenging regions and the advantages and10

disadvantages of different instruments can be identified.

1 Introduction

Monitoring the climate with satellite measurements is essential for a systematic global analysis and also as input into cli-

mate models, because of the global coverage, which ground-based measurements can not provide. As satellite inversion-based

datasets come with substantial uncertainties, their validation and comparison between different retrieved datasets is needed.15

As the validation against ground measurements is limited by the spatial distribution of stations, a systematic way to analyse

the consistency of different datasets on global scale is needed. Within the ESA Climate Change Initiative (CCI) (Hollmann

et al., 2013) underlying the Copernicus Climate Change Service (C3S), a comprehensive definition of “consistency” on three

levels (technical, retrieval and scientific) and criteria for its evaluation have been worked out (Popp et al., 2020). This study

implements a concrete realization of this concept by using a combination of four different metrics: annual cycle, median values,20

decadal trends and correlation.

As aerosols are the most uncertain climate change drivers according to IPCC (Intergovernmental Panel on Climate Change)

(Arias et al., 2021; Allen et al., 2018), we exemplarily apply the method described in Section 2 on Aerosol Optical Depth (AOD)

Climate Data Records (CDR). Satellite measurements have been used for aerosol retrieval for over four decades (Kokhanovsky25
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and Leeuw, 2009; de Leeuw et al., 2015). However, there are larger uncertainties in satellite inversions than in ground measure-

ments (Sogacheva et al., 2020). This requires a more detailed examination of the satellite retrievals from different measuring

instruments and different retrieval algorithms. The retrievals can only be considered reliable and used for further analysis of

the effects of aerosols if different datasets of the same quantity deliver results which agree with each other, often expressed as

meeting requirements for "consistency".30

Three algorithms based on different physical principles and applying different quality control strategies Kokhanovsky and

Leeuw (2009); de Leeuw et al. (2015); Flowerdew and Haigh (1995); Veefkind et al. (1998); Kolmonen et al. (2016); So-

gacheva et al. (2017); North et al. (1999); North (2002); Bevan et al. (2012); Thomas et al. (2009); Sayer et al. (2010) have

been developed for the retrieval of aerosol properties to optimally use the available information from the dual-view instruments35

(radiances measured at the top of the atmosphere at different wavelengths, in the visible and infrared, and with two different

viewing angles). They are described briefly in Section 3.1. It is known from earlier analysis that none of the algorithms outper-

forms the others everywhere Sogacheva et al. (2020).

In this study, these three aerosol retrieval algorithms are evaluated for their suitability to produce consistent aerosol CDRs

suitable for long-term monitoring. The algorithms were developed in the context of the Aerosol_cci (Popp et al., 2016) project40

before long-term records from European instruments were processed using them in the C3S (https://climate.copernicus.eu/)

project on atmospheric composition focusing on European instruments. The data processed is exploited from three similar

(but not identical!) subsequent dual-view radiometers (Along Track Scanning Radiometer 2 (ATSR-2, 1995-2003), Advanced

ATSR (AATSR, 2002-2012) and Sea and Land Surface Temperature Radiometer (SLSTR, since 2016))

45

The aim of this study is to demonstrate the value of different consistency metrics and their combination into an overall

consistency score as described in Section 2 to analyse the consistency of satellite based datasets for every grid cell on the globe,

especially where no ground-based stations are available. This information shall support a user to easily obtain an overview of

the suitability of an ensemble of datasets for one sensor in different regions using the appropriate metric(s) depending on the

study focus of an intended application.50

In Section 3.2 the individual metrics are applied exemplarily to the three datasets for each of the three instruments and finally

their combined consistency score is assessed. It shows the influence of surface properties, aerosol amount, geographic region

and instrument viewing direction, which are all discussed in Section 3.3. Finally, the combined analysis is used to identify

regions with most reliable information in the datasets and to highlight advantages and disadvantages of the three different

subsequent instruments.55

In addition, in Section 4 the method is evaluated and it is discussed how the method can be adjusted for other studies depending

on their focus, for example on long-term trends or seasonal variability.
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2 Methods to analyse consistency

The developed method for analysing the consistency between different datasets is shown in the flowchart in Figure 1. We

define these four metrics to objectively assess the consistency per grid cell: (A) the median value, (B) the linear trend, (C) the60

amplitude of the averaged annual cycle and (D) the correlation.

In the case presented here we are analysing the consistency between three datasets. They are based on the same measured data

but retrieve the aerosol properties using different algorithms. This means that there are three datasets for each radiometer that

can be compared. This study uses Level 3 monthly data on a 1°x1° grid.

65

The first three metrics are computed on the 1°x1° grid and subsequently averaged to a 5°x5° grid. The mean value and the

standard deviation for each metric are calculated if more than 10 of the 25 1°x1° grid cells have a valid value. In addition, for

each metric a threshold is defined which if met for a grid cell means that consistency if fulfilled. For the first three metrics, the

algorithms are considered consistent, if the difference of the metric for the different algorithms is within 2 standard deviations

of all three algorithms. The correlation coefficient for each pair of algorithms as a further metric for consistency is calculated70

directly on the 5°x5° grid. It is accepted as consistent if none of the correlation coefficients for the different algorithms combi-

nations is smaller than 0.7.

Finally, for each fulfilled metric, 1 point is given and all points are summed up across each grid cell to obtain the total consis-

tency score. If three or four points are reached, the grid cell is considered as (highly) consistent.

Consistency of multiple Aerosol Optical Depth retrievals from satellite data 
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Figure 1. Flowchart of the applied method for illustration.
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2.1 Metric A: Median values75

The first metric is the median value. We use the median values of the data from each of the different algorithms to measure

biases between them.

xmedian =




xm+1 for odd n=2m+1

0.5(xm +xm+1) for even n=2m
(1)

The median allows the outliers to be disregarded and is therefore more robust and thus better suited for analysing consistency

than the mean value. No filtering of “bad” data is applied.80

2.2 Metric B: Mann-Kendall trend test

Trends are calculated with a seasonal Mann-Kendall trend test using the Python package pyMannKendall (Hussain and Mah-

mud, 2019) from time records of monthly averages.

The Mann-Kendall test (Mann, 1945; Kendall, 1970) is a non-parametric test for determining a monotonic trend in a time

series. Non-parametric tests are better suited than parametric tests for non-normally distributed, partially masked and missing85

data (Li et al., 2014) and are therefore used for the satellite based data considering the gaps for example created by cloud

masking.

The Mann-Kendall trend test using the Theil-Sen Estimator calculates the slope of the trend as the median of the slopes of

every possible connecting line between two points of the dataset X = x1,x2, ...,xn. In order to take seasonality into account,90

the data is assessed on a monthly basis and then used to calculate the total expected value, the variance, the standardized test

statistic Z and the overall trend b (Hirsch et al., 1982).

b= med
(
xj −xk

j− k

)
∀ 1≤ k < j ≤ n (2)

For the consistency analysis we use all trend data calculated, except the unrealistic ones over 50%, without looking at their

significance because otherwise the trend dataset would show too few values due to the shortness of the timeseries for this95

analysis (less than one decade). We use the relative trends for the analysis to decouple the consideration from the average

values.

2.3 Metric C: Seasonal amplitude

To determine a multi-annual mean annual cycle, the mean of all data of one calender month in all years available from the

instrument is calculated for each grid cell.100

In order to reduce the influence of natural variability from the statistical analysis of the climate, average values over a clima-

tological reference period of at least 30 years (World Meteorological Organization, 2017) should be used when considering

climatology according to recommendations of the WMO (World Meteorological Organization). For the observation with satel-

lite instruments, as in this work, there is no data basis from a single instrument over such a period of time. For this reason, and
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for simplification, a mean value, which is determined over the available period per instrument of 6 to 11 years, is used.105

The amplitude of the multi-annual mean annual cycle amp is a measure for annual fluctuations and is calculated as

ampseasonal = 0.5(xmax −xmin). (3)

2.4 Metric D: Pearson correlation coefficients for the CDR of different algorithms

The Pearson correlation coefficient ρ summarizes the characteristics of a pair of datasets describing the strength and direction

of the linear relationship between two variables (X and Y ) (Benesty et al., 2009).110

ρX,Y =
E[(X −µX)(Y −µY )]

σXσY
(4)

where E is the expectation, µX is the mean and σX is the standard deviation of X and analogue µY is the mean and σY is the

standard deviation of Y .

As we are comparing datasets showing the same variable at the same time and place, we define datasets with a Pearson corre-

lation coefficient larger than 0.7 as consistent in point of view of a linear correlation.115

3 Examplary analysis of AOD CDR

3.1 Instruments characterization and aerosol datasets

This study analyses exemplary the Aerosol Optical Depth (AOD) at 550 nm data retrieved within the C3S (Copernicus Climate

Change Service, 2019) from the dual-view instruments ATSR-2 on ERS-2 (European Remote Sensing Satellite 2) (1995 -120

2002), AATSR on ENVISAT (ENVironmental SATellite) (2002 - 2011) and SLSTR on Sentinel 3-A and 3-B (since 2017 and

2018, respectively). The algorithms retrieve AOD products on a 10 km resolution (Level 2), which are combined into 1°x1°

resolution daily and monthly products (Level 3). These monthly products are analysed in this study. In contrast to measure-

ments with single-view instruments, the dual-view principle enables a better decoupling of the radiation contributions from the

ground and the atmosphere (by approximately doubling the distance travelled by the light in the oblique view). As a result,125

both parts can be retrieved more accurately (Barton et al., 1989).

The instruments measure in the nadir direction and at a 55° angle in flight direction (“forward”) for ATSR-2 and AATSR and

at a 55° angle against the flight direction (“rearward”) for SLSTR.

The instruments ATSR-2 and AATSR measure Top-of-atmosphere (TOA) reflectance at 550 nm, 665 nm, 865 nm, 1610 nm

and 3740 nm and Brightness Temperature (BT) at 10850 nm and 12000 nm. The SLSTR instrument has additional channels130

providing TOA reflectance at 1300 nm and 2250 nm.

The data of three algorithms retrieving AOD from the data of the dual-view instruments are considered in this study. These

algorithms are: ORAC (Optimal Retrieval of Aerosol and Cloud) from Oxford University (Thomas and Popp, 2024), SU from

5
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Swansea University (North et al., 2024a, b) and for AATSR ADV/ASV, where ADV is ATSR dual-view (over land) and ASV135

is ATSR single-view (over ocean) (Kolmonen, 2024) and for SLSTR consequently SDV/SSV (Sogacheva, 2024) hereinafter

summarised as FMI from the Finnish Meteorological institute. Main principles of the retrieval approaches are summarised in

Table 1.

Table 1. Main characteristics of the FMI, SU and ORAC retrieval approaches following Sogacheva et al. (2020) and the versions used.

Algorithms Principles based on Version used Further literature

FMI Land: spectral constant reflectance

ratio. Ocean: modelled reflectance.

ATSR-2, AATSR: v4.1;

SLSTR: v2.30

(Flowerdew and Haigh, 1995; Veefkind

et al., 1998; Kolmonen et al., 2016;

Sogacheva et al., 2017)

SU Iterative model inversion for

continuous retrieval of AOD and fine

mode fraction (FMF). Land: retrieval

of bi-directional reflectance

distribution factor (BRDF) parameters.

Ocean: prior reflectance model.

ATSR-2, AATSR: v4.33;

SLSTR: v1.12

(North et al., 1999; North, 2002; Bevan

et al., 2012)

ORAC Optimal estimation. Land: SU surface

parametrisation. Ocean: sea surface

reflectance model.

ATSR-2, AATSR: v4.02;

SLSTR: v1.00

(Thomas et al., 2009; Sayer et al.,

2010)

3.2 Results of the AOD consistency analysis

The results of the consistency analysis in the four individual metrics and the combined consistency score within two standard140

deviations for the three dual-view instruments are described in the following and shown in Figure 2 and Figure 3.

3.2.1 Metric A: AOD Median

When looking at the maps of median consistency (Figure 2 row 1), it can be clearly seen that ATSR-2 has a reasonable

consistency of median values, especially over land, with more frequent inconsistencies over semi-arid areas and in the Southern

Hemisphere (SH), over areas with high AOD over the ocean and over the Southern polar ocean. AATSR shows a similar picture145

with less consistency in the Southern Ocean and large areas of consistency over land with the exception of Australia, South

Africa and parts of South America. SLSTR shows a clear difference - here, consistency in the median values can be mainly

found between 30°N and 60°S, including over the oceans. Larger inconsistencies occur here in the range between 30°N and

60°N over both land and ocean.
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Figure 2. Consistency maps for the individual metrics (median value (row 1), trend (row 2), amplitude of the average annual cycle (row 3)

and correlation coefficient (row 4) for the three instruments: ATSR-2 (left column), AATSR (middle column) and SLSTR (right column).

Yellow (score = 1) means consistency in the respective metric within the required threshold, and purple (score = 0) means that there is no

consistency in the 5°x5° grid box.

3.2.2 Metric B: AOD Trend150

If we now look at maps of trend consistency in the AOD, globally consistent values can be seen for all three considered

instruments (Figure 2 row 2). While there are no inconsistencies for ATSR-2, there are isolated inconsistencies for AATSR in

the SH. These become more frequent with the SLSTR instrument and occur globally both over land (e.g. South Africa and

South America) and over the ocean (e.g. in the Pacific).
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3.2.3 Metric C: AOD annual cycle amplitude155

The amplitude of the annual cycle (Figure 2 row 3) in the maps shows as largely consistent between the data sets. AATSR

shows inconsistencies in the roaring forties over the Southern ocean, which only occur very sporadically in ATSR-2. For

SLSTR, however, inconsistencies are more likely to be found in the Northern Hemisphere (NH) over the ocean and over the

Sahara and Australia.

3.2.4 Metric D: AOD Correlation160

Maps for correlation consistency (Figure 2 row 4) show consistency for ATSR-2 and AATSR mainly over land and areas over

the ocean with high AOD (for example, in the Atlantic under the influence of Saharan dust and biomass burning in West Africa

or in the Pacific in the area of the Asian outflow) over the NH with more consistent areas for the AATSR instrument. SLSTR,

in contrast, shows a correlation between the AOD products in the SH, but also in areas over land or with high AOD over ocean.

3.2.5 Combined consistency score of the different algorithms for the three dual-view instruments165

Figure 3 middle shows the map of a combined consistency score obtained as sum of the individual consistency metrics per grid

cell from Figure 2 for the AATSR instrument. Major inconsistencies (consistency score of 0 or 1) can be seen mainly in the

oceans in the SH. Over land and in areas above the ocean with high AOD, there is good consistency (score of 3 or 4) - with

semi-arid areas showing less consistency than forested areas and higher score tending to occur in the NH than in the SH.

170

For ATSR-2 Figure 3 top shows a similar picture, whereby the entire ocean area, with the exception of the areas with large

dust transport, show low consistency (score up to 2). Over land, over areas with high AOD over the ocean and in the polar

region South of 60°S, there is mostly a consistency score of 3 or 4. Compared to AATSR, over land there are fewer areas with

consistency score of 4, especially in forested areas.

175

Larger differences become obvious for SLSTR (Figure 3 bottom). The higher consistency shown for the other two instru-

ments in the NH compared to the SH is reversed in SLSTR: In the NH, lower consistencies occur over land and ocean - mostly

a score of 2 obtained mainly in two metrics (trend and annual cycle amplitude) and in areas with high AOD partly in three

metrics. In the SH, there is mostly a consistency score of 3. High consistency (score of 4) is observed particularly in areas with

a typically high AOD, like the dust belt. Across the Sahara, Australia and South Africa, all three instruments show compara-180

tively low consistency.

3.3 Discussion of the AOD consistency analysis

Section 3.2 shows that the AOD products from three dual-view algorithms applied to similar satellite instruments are consistent

over parts of the globe, but with distinct patterns. For (A)ATSR(-2) consistent areas (score of 3 or 4) are mainly over land in185
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Figure 3. Maps of combined consistency scores for the three dual-view instruments: a) ATSR-2, b) AATSR and c) SLSTR

the NH, while for SLSTR over ocean in the SH. This relates clearly to the impact of the different viewing direction used for

SLSTR compared for the other two instruments.

The poorer coverage and the shorter time series can explain the partially poorer consistency of ATSR-2 compared to AATSR.

The largest consistency can be shown for AATSR which can be explained on the one hand since the longest time series so far is190

available from this instrument and on the other hand by the fact that most development and harmonisation work so far has been

spent on this sensor. The striking differences in consistency between (A)ATSR(-2) and SLSTR, in particular the reversal from

higher consistency in the NH for (A)ATSR(-2) to larger consistency in the SH for SLSTR, can be attributed to the changed

oblique viewing direction, from forwards to backwards. As described in (Pearson et al., 2024), the change in viewing direction

leads to larger uncertainties due to a higher fraction of observations in the adverse backward scattering direction.195
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The lower observed consistency over ocean could be due to the generally lower values and thus more difficult determination

of the AOD. Furthermore, the low number of ground measurements over the ocean limits achievable quality and harmonisation

of retrieval results during the development process. Over deserts, such as the Sahara, the brighter soil makes aerosol retrieval

from solar channels more difficult, which could explain the lower consistencies here. Over desert areas in the SH, in South200

Africa, South America and Australia, this is made even more difficult by the different composition of the desert soil. The

largest coverage by ground monitoring stations in Europe and North America and the increased research interest in algorithm

development in these regions, in addition to better visibility over dark, for example vegetated ground, may have led to the

highest consistency of the data obtained in these areas.

205

A comparison to ground measuring stations, like AERONET (AErosol RObotic NETwork) (Holben et al., 1998) or MAN

(Maritime Aerosol Network) (Smirnov et al., 2009), is still necessary to evaluate the absolute accuracy of the algorithms.

As highlighted in (Sogacheva et al., 2020), no single algorithm consistently outperforms all others in every situation. An

uncertainty-weighted median ensemble as provided in addition by C3S aims to combine the strengths and suppress the weak-210

nesses of the individual algorithms Popp (2024).

4 Conclusions

As shown in the exemplary AOD consistency analysis the consistency approach works good in regions with stable conditions

and not much noise in the data. It is able to discriminate regions with consistent datasets and regions with differences in the

datasets. This can help to differentiate between regions where all datasets can be trusted and regions where a careful look is215

needed when choosing the right dataset for an individual application.

The method to analyse the consistency has certain limitations, for example in areas with spatial data gaps or a lot of noise in

the data, such as in polar regions and partly over other bright surface areas like deserts. Data with large noise or large variances

between neighbouring 1°x1° grid cells have a large standard deviation, making it easier to erroneously label data as consistent220

in these areas. The high consistency that can sometimes be observed over polar regions could be explained by these large

fluctuations due to difficulties in the retrieval for example by the low position of the sun or by seasonal data gaps. However, in

regions with less noisy data and more stable retrieval conditions this consistency analysis works well.

The choice of metrics and thresholds for each of them can strongly influence the results. The method can be adjusted with225

customized threshold values for the metrics to filter out the appropriate areas depending on a concrete use case and its quanti-

tative requirements. It can also be useful to only consider individual metrics which are relevant for a particular application. For

example, if trends in different regions are to be compared, only the trend metric could be considered.
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Overall, this study shows that its approach can help users to quickly and easily understand the consistency for a specific230

study purpose and area and thus to identify areas in which the data can be used more efficiently and areas where the datasets

should be handled with care. Depending on the use case it can make sense to look at the metrics individually.

5 Data availability

The aerosol data from dual-view sensors (A)ATSR(-2) and SLSTR which are analysed in this paper can be accessed from the

Copernicus Climate Change Service in July 2024: Copernicus Climate Change Service, Climate Data Store, (2019): Aerosol235

properties gridded data from 1995 to present derived from satellite observation. Copernicus Climate Change Service (C3S) Cli-

mate Data Store (CDS) under data DOI: 10.24381/cds.239d815c Copernicus Climate Change Service (2019). The algorithms

and versions used can be taken from Table 1.
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