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Abstract. Automated, reproducible quality control (QC) of aerosol optical time series is essential for comparable, reusable data
in observation networks and research infrastructures. We present a real-time-capable QC workflow for AE33 Aethalometer
equivalent black carbon (eBC) and Aurora 4000 nephelometer scattering measurements (σsca). The workflow is implemented
in the open-source SaQC framework and wrapped by the actris_qc package, which encodes community QA/QC recom- 15

mendations into a three-stage, machine-readable rule set for device-control, channel-specific and derived-variable checks. The
pipeline is parameterised using a catalogue of instrument anomalies from the urban TROPOS site and validated at the rural
Melpitz station, demonstrating robust transfer across contrasting environments. It reliably flags outliers, noise, plateaus and de-
vice malfunctions while preserving genuine atmospheric variability and achieves real-time performance on standard hardware.
The modular, configuration-driven design enables straightforward adaptation to additional instruments and networks, providing 20

harmonised QC flags and provenance and enabling FAIR-compliant and AI-ready downstream use in monitoring systems.

1 Introduction

The Earth’s atmosphere is a dynamic and highly complex system whose composition and evolution are tightly interwoven
with climate, air quality, and ecosystem health. Monitoring and understanding the behaviour of short-lived atmospheric
constituents, aerosols, and trace gases is therefore critical to support scientific insight, inform policy, and foster sustainable 25

development. Recognising this need, a suite of coordinated atmosphere-centred environmental research infrastructures
(RIs) has been established in Europe, including ACTRIS (Aerosol, Clouds and Trace Gases Research Infrastructure), ICOS
(Integrated Carbon Observation System), and IAGOS (In-service Aircraft for a Global Observing System), which together
provide harmonised long-term observations of aerosol, trace-gas and greenhouse-gas properties from surface stations and
commercial aircraft (Laj et al., 2024; Heiskanen et al., 2022; Petzold et al., 2015). In parallel, terrestrial and ecosystem RIs 30

such as TERENO and eLTER in Europe and NEON in the United States have been developed to observe land–atmosphere
exchanges and socio-ecological systems across spatial and temporal scales (Chabbi and Loescher, 2017; Mollenhauer et al.,
2018; Zacharias et al., 2024; Ohnemus et al., 2025). These infrastructures are increasingly linked through cluster initiatives
(e.g. ENVRI in Europe) and the emerging concept of a Global Ecosystem Research Infrastructure (GERI), with the ambition
to provide a distributed, interoperable observing system for the coupled Earth system (Loescher et al., 2022; Petzold et al., 35
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2024).

Across these atmospheric and terrestrial RIs, a common objective is to deliver open, FAIR and analysis-ready data streams
that underpin climate services, air-quality assessments, ecological forecasting, and digital decision tools such as Earth
system models and digital twins. Recent syntheses on environmental big data and Earth-system digital twins underline that5

such systems depend on continuously updated, well-characterised and interoperable observation streams (Li et al., 2023;
Hazeleger et al., 2024). The environmental data landscape is rapidly becoming data-intensive: multi-parameter, multi-platform
observatories generate massive near-real-time data flows that must be quality-assured, traceable, and interoperable in order
to be assimilated into advanced AI-based modelling and forecasting systems (Reichstein et al., 2019; Bauer et al., 2021a;
Calvin et al., 2023; Petzold et al., 2024). Recent strategic analyses of environmental and ecosystem infrastructures emphasise10

that their scientific and societal impact critically depends on robust, automated QA/QC and curation workflows that can be
applied consistently across instruments, sites, networks and domains – from atmospheric composition to terrestrial ecosys-
tems (Loescher et al., 2022; Petzold et al., 2024). These infrastructures form the empirical foundation for next-generation
environmental intelligence systems and digital-twin initiatives envisioned by e.g. the European Green Deal, Destination Earth
(DestinE), and AI-enabled Earth-system prediction frameworks (Reichstein et al., 2019; Bauer et al., 2021a, b).15

Long-term in situ observations of aerosol particle properties are a cornerstone of both air-quality management and climate
research. Filter-based absorption photometers such as the Magee Scientific AE33 Aethalometer and integrating nephelometers
such as the Ecotech/ACOEM Aurora 4000 are widely deployed in research infrastructures and regulatory networks to provide
black carbon (BC) or equivalent black carbon (eBC) and particle light-scattering coefficients at high temporal resolution20

(Drinovec et al., 2015; Müller et al., 2011; ACTRIS-2 Consortium, 2018; Asmi et al., 2021). These optical properties are
required to quantify the climatic impact of light-absorbing aerosols, to constrain emissions and source apportionment, and to
assess human exposure to combustion-related particulate matter.

Most importantly, Directive (EU) 2024/2881 on ambient air quality and cleaner air for Europe has moved black carbon (BC)
from a mainly research-oriented metric into the formal European air-quality monitoring architecture. The Directive defines BC25

as carbonaceous aerosols measured by light absorption and requires fixed BC measurements at monitoring supersites in both
urban and rural background environments. At the same time, it explicitly acknowledges that no EN standard method for BC is
yet available, which makes current harmonisation and standardisation efforts particularly relevant for cross-site comparability
and regulatory uptake (European Parliament and Council of the European Union, 2024).

This regulatory shift is accompanied by recent European guidance and synthesis work on BC and related aerosol metrics,30

including recommendations on harmonised methodologies, inlet configurations, reporting conventions, MAC selection and the
upscale of BC observations to urban and national monitoring applications (Laj et al., 2020; Savadkoohi et al., 2023, 2024;
RI-URBANS, 2024; Zheng et al., 2025). These efforts build on the terminology framework proposed by Petzold et al. (2013),
recent pan-European recommendations for reporting equivalent black carbon (eBC) and handling MAC variability (Savad-
koohi et al., 2024), and the RI-URBANS guidance for BC determinations that was developed specifically in connection with35

the new Directive (RI-URBANS, 2024). In parallel, the ongoing STANBC metrology project aims to underpin a future CEN
standard for traceable BC-related measurements and calibration workflows (European Metrology Network for Pollution Mon-
itoring, 2026).

Within ACTRIS and related initiatives such as RI-URBANS, AE33 and Aurora 4000 instruments have therefore become
key workhorses at supersites and urban observatories, where they provide the high-quality reference data needed to evaluate40

models, support emission abatement strategies and calibrate or benchmark low-cost sensor networks.

Over the past decades, extensive efforts have been invested in developing harmonised measurement protocols and quality-
assurance frameworks for such instruments. WMO’s Global Atmosphere Watch (GAW) programme and the pan-European
ACTRIS research infrastructure synthesise recommended procedures for aerosol in situ measurements, define core variables45

and data quality objectives, and coordinate intercomparisons and central facilities for calibration and traceability (World
Meteorological Organization (WMO), 2016; Laj et al., 2024; ACTRIS CAIS-ECAC, 2026). Similar guidance exists at the
regulatory level, for example through the US EPA Quality Assurance Handbook for Air Pollution Measurement Systems
and European Commission and JRC documents that describe QA/QC systems and data validation procedures required
under the Air Quality Directive European Commission Joint Research Centre (2011); German Environment Agency (2016);50

U.S. Environmental Protection Agency (2026). For black carbon specifically, recent RI-URBANS and ACTRIS documents
summarise harmonised methodologies, correction schemes and reporting conventions for eBC and absorption coefficients,
aiming to upscale BC measurements into urban and national networks (Petzold et al., 2013; Laj et al., 2020; Savadkoohi
et al., 2023, 2024; RI-URBANS, 2024). However, across these frameworks, the practical implementation of quality control for
AE33, Aurora 4000 and related time series remains largely manual: QC typically relies on visual inspection, bespoke scripts55
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and station-specific conventions rather than on a common, automated and reproducible pipeline. This creates a bottleneck for
observatories and research infrastructures that increasingly need to deliver analysis-ready data in (near) real time for digital
twins, model assimilation and AI applications, and it motivates the development of generic, fully automated QC workflows
such as the one proposed in this study.

5

Despite this mature landscape of QA/QC frameworks, quality control of the resulting time series is still predominantly
performed through manual inspection and project-specific scripts. GAW report No. 227, for example, defines quality
objectives, recommended instrument checks and general flagging principles, but leaves the implementation of concrete data
screening and flagging largely to individual stations and data originators (World Meteorological Organization (WMO), 2016).
ACTRIS measurement guidelines for AE33 Aethalometers and Aurora 4000 nephelometers provide detailed instructions on 10

instrument operation and manual quality control, including recommended tests and visual inspection of time series, but again
do not prescribe or supply a standardised software pipeline for automated data quality control in near-real-time (Müller and
Fiebig, 2020, 2021). US EPA and European QA guidance similarly emphasise management systems, traceability, audits and
collocations, while data validation remains a largely manual or semi-manual process performed before archiving and reporting
to central databases such as AQS or AirBase (U.S. Environmental Protection Agency, 2026). 15

At the same time, the technical complexity of aerosol optical measurements makes them particularly vulnerable to
systematic errors that accumulate over the lifetime of an instrument. For filter-based absorption photometers, artefacts
include non-linear filter loading effects, tape inhomogeneity, and multiple scattering within the filter matrix, which all require
empirical correction and can change with filter type and aerosol properties (Yus-Díez et al., 2021; Ferrero et al., 2024). Relative 20

humidity, semi-volatile losses and instrument flow drift affect both absorption and scattering measurements, while inlet and
optical fouling, leaks and mis-configurations can introduce subtle but persistent biases that are difficult to detect without
systematic analyses. Intercomparison studies and method-focused work for AE33, MAAP and different nephelometers have
documented instrument-to-instrument variability, sensitivity to operating conditions, and the need for careful corrections of
multiple scattering, angular truncation and illumination effects (Yus-Díez et al., 2021; ACTRIS-2 Consortium, 2017b, 2018). 25

For long-term applications, unrecognised drift, fouling and configuration changes translate into systematic errors in derived
eBC mass concentrations and scattering coefficients, with direct consequences for trend analyses, source apportionment, and
model evaluation (Laj et al., 2020; Savadkoohi et al., 2024).

These challenges are amplified by the rapid proliferation of additional in situ measurements in environmental observatories 30

and regulatory networks. Advances in dataloggers, telemetry and sensor technology have enabled the deployment of dense
networks of both reference-grade instruments and low-cost sensor (LCS) systems, often operating in near-real-time and
generating massive data volumes (Okorn and Iraci, 2024; World Meteorological Organization (WMO); United Nations
Environment Programme (UNEP); International Global Atmospheric Chemistry project (IGAC), 2024). Scoping reviews of
LCS networks and WMO reports consistently highlight concerns about the reliability and fitness-for-purpose of such mea- 35

surements, and emphasise the need for robust calibration, performance assessment and quality control (World Meteorological
Organization, 2021; Carotenuto et al., 2023; Bagkis et al., 2025). However, QA/QC concepts for LCS data are typically
developed independently of those for high-end reference instruments and focus on sensor-specific calibration models and
co-location strategies rather than on a generic, transferable quality-control pipeline (World Meteorological Organization,
2021; Okorn and Iraci, 2024; Hayward et al., 2024). 40

Looking ahead, a new generation of applications—urban and regional digital twins, data assimilation in high-resolution
air-quality and climate models, machine-learning based forecasting and re-calibration frameworks, and even foundation
models for environmental data—are all critically dependent on the availability of long, homogeneous and well-characterised
observational data streams. In all of these cases, systematic biases, undetected drifts or unflagged artefacts in the training 45

or assimilation data are very likely to be propagated and amplified by the models, undermining their predictive skill and
interpretability. FAIR principles for environmental time series underline that data must not only be findable and interoperable,
but also transparently processed and quality-controlled in a reproducible manner (Sheldon, 2008; Campbell et al., 2013;
Schmidt et al., 2023; Bumberger et al., 2025).

50

Manual and semi-manual QA/QC workflows are increasingly unable to meet these demands. They are labour-intensive, scale
poorly with network size and temporal resolution, and are prone to subjectivity, as demonstrated by controlled experiments
where different experts produced markedly different QC decisions on identical datasets (Campbell et al., 2013; Taylor and
Loescher, 2013; Jones et al., 2018). This subjectivity not only threatens reproducibility but also complicates the integration of
heterogeneous data streams from distinct networks and initiatives. Moreover, traditional QC frameworks rarely capture the full 55
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range of drift, fouling and configuration artefacts that manifest gradually over months to years rather than as obvious outliers
(Taylor and Loescher, 2013).

In response, several software frameworks for automated or semi-automated quality control of environmental time series
have emerged. Examples include the metadata-driven GCE Data Toolbox for MATLAB, early web-based systems such as5

NRAQC for streaming sensor data, and more recently AutoQC4Env and other domain-specific solutions (Sheldon, 2008;
Campbell et al., 2013; Kaffashzadeh et al., 2019). The System for automated Quality Control (SaQC) is an open-source
framework for traceable and reproducible QC workflows on time series (Schmidt et al., 2023; Schäfer et al., 2023); an
overview is provided in Section 4.1, and our ACTRIS-specific wrapper actris_qc is described in Section 4.2. While these
tools address important aspects of scalability, transparency and automation, they have so far been only sparsely applied to10

aerosol optical instruments in operational research infrastructures and have rarely been systematically benchmarked against
established QA/QC procedures such as those of ACTRIS or GAW.

This paper addresses these needs by presenting, to our knowledge, the first openly documented and fully automated quality-
control pipeline for long-term AE33 Aethalometer and Aurora 4000 nephelometer time series that operationalises ACTRIS15

and GAW guidance in software. Specifically, our approach:

– formalises expert knowledge and QA/QC recommendations from ACTRIS, GAW, EPA and European guidance into
reproducible, machine-readable QC operators within the SaQC framework, translating narrative guidelines into a stan-
dardised, executable workflow;

– implements an end-to-end automated QC pipeline for AE33 and Aurora 4000 data that runs both in near-real-time for20

station operation and on multi-year archives, with full provenance of all tests and transformations;

– detects and classifies a broad spectrum of data issues, including outliers, instrument malfunctions, flow and relative-
humidity excursions, tape- and optics-related artefacts, noise, plateaus, jumps and gradual long-term drift and fouling;

– demonstrates cross-site and cross-network transferability by applying the same operator-based QC logic to urban and
regional background stations and by designing the building blocks to be extendable to mid-cost regulatory instruments25

and low-cost sensor networks; and

– produces interpretable, AI-ready QC outputs, providing consistent quality flags and provenance metadata that can be
directly consumed by downstream applications such as digital-twin systems, data assimilation frameworks and machine-
learning models.

This study presents the first openly documented and fully automated QC pipeline for AE33 and Aurora 4000 time series30

that operationalises ACTRIS and GAW guidance in software. We formalise expert knowledge and established procedures
into modular, machine-interpretable QC operators that can run in real time and on multi-year archives. In contrast to
existing instrument- or network-specific workflows, the proposed system is generic by design and scalable across research-
infrastructure, regulatory and low-cost sensor networks. The resulting flags and provenance metadata provide an interpretable,
transferable and AI-ready foundation for harmonised aerosol optical data streams.35

2 Background and state of the art

2.1 QA/QC frameworks in atmospheric research infrastructures

The WMO Global Atmosphere Watch (GAW) programme provides an overarching quality-assurance framework for at-
mospheric composition observations. GAW Report No. 227 synthesises aerosol measurement procedures, guidelines and40

recommendations, including core aerosol variables, data quality objectives, recommended inlet and conditioning systems, and
instrument-specific calibration and maintenance procedures (World Meteorological Organization (WMO), 2016; Laj et al.,
2020). The report emphasises that quality control of data is primarily the responsibility of the station or data originator and
describes general principles for identifying and flagging suspect data, but does not define a concrete, standardised software
implementation for automated QA/QC of time series (World Meteorological Organization (WMO), 2016).45

ACTRIS builds directly upon GAW principles and extends them for European research infrastructures. ACTRIS handbooks
and deliverables provide measurement guidelines and standard operating procedures for a wide range of aerosol variables,

https://doi.org/10.5194/egusphere-2026-235
Preprint. Discussion started: 13 March 2026
c© Author(s) 2026. CC BY 4.0 License.



Timo Houben: Automated QC of atmospheric time series 5

including AE33 Aethalometer and Aurora 4000 nephelometer measurements (ACTRIS-2 Consortium, 2017b; ACTRIS
CAIS-ECAC, 2026; Laurita et al., 2025). Dedicated ACTRIS ECAC guidelines for manual QC of AE33 and Aurora 4000
prescribe instrument configurations, recommended checks (e.g. flow, temperature, RH), and manual inspection of level-0 and
level-1 time series, including the generation of temporary higher-level products during the QC workflow (Müller and Fiebig,
2020, 2021). For filter absorption photometers more generally, ACTRIS and RI-URBANS guidance documents describe 5

harmonised approaches to convert eBC to absorption coefficients, apply multiple-scattering and filter-loading corrections, and
derive harmonised eBC mass concentrations (Savadkoohi et al., 2024; RI-URBANS, 2024).

In all these documents, QA/QC is conceptualised as a multi-step process that includes instrument intercomparisons, central
calibration, site audits, careful documentation and data flagging. However, the actual implementation of QC tests and flag 10

assignments remains in the hands of individual data centres or principal investigators and is typically carried out through a
combination of manual inspection and locally developed scripts. There is no common, open-source, software-level realisation
of the recommended checks that could be deployed across ACTRIS and GAW stations in a uniform way, nor are the rules
expressed in a formal language that would allow automatic execution and provenance tracking (ACTRIS-2 Consortium, 2017a;
ACTRIS CAIS-ECAC, 2026). 15

2.2 QA/QC in regulatory air-quality monitoring

Regulatory air-quality networks operate under their own QA/QC frameworks, largely driven by data quality objectives defined
in legislation. The US EPA Quality Assurance Handbook Volume II, for example, outlines a comprehensive QA system for
ambient air-quality monitoring programmes, including requirements for siting, calibration and performance audits, collocated
measurements, and multi-level data review procedures prior to submission to the Air Quality System (AQS) database (U.S. 20

Environmental Protection Agency, 2026). Similarly, EU guidance and JRC documents describe harmonised protocols for
measurement methods, uncertainty assessment, and data validation workflows under the Air Quality Directive, as well as
best-practice guides for air-quality plans and model applications (Landgrebe, 2008; European Environment Agency and
European Commission Joint Research Centre, 2011; German Environment Agency, 2016).

25

These frameworks ensure that reported regulatory data meet specified quality objectives and are broadly comparable
across jurisdictions. However, they typically stop at the level of procedures and documentation, without defining or providing
concrete automated QC pipelines. Data validation is often performed in multi-stage manual processes – such as preliminary
automatic screening followed by expert review – using national or regional tools that are not openly specified and that mix
instrument diagnostics, meteorological context and policy-driven rules (e.g. special treatment of fireworks, Saharan dust 30

events). As a result, there is limited transparency and interoperability of QC logic even within one jurisdiction, and no
direct pathway to re-use these QC concepts in research infrastructures or LCS/citizen-science networks (Clouse, 2024; U.S.
Environmental Protection Agency, 2026).

Recent guidance on black carbon monitoring in regulatory contexts, for example within RI-URBANS and European expert 35

groups, focuses on standardising measurement methods, inlet configurations, and data reporting for eBC, but again assumes
that data used in analyses have already undergone appropriate QC (RI-URBANS, 2024; Savadkoohi et al., 2024). Automated
detection and flagging of instrument artefacts, drift and fouling is generally outside the explicit scope of the regulatory docu-
ments.

2.3 Automated QC tools for environmental time series 40

In parallel with the evolution of QA/QC frameworks, several generic software systems for automated QC of environmental
time series have been developed in other domains. The GCE Data Toolbox for MATLAB is a metadata-based framework
that supports automated processing, rule-based QC, gap-filling and documentation of environmental datasets, and has been
used extensively in long-term ecological research networks and hydrologic observatories. Its rule engine and flagging model
inspired later systems, but its reliance on MATLAB and a limited built-in library of QC tests restricts its adoption and 45

extensibility (Sheldon, 2008; Schmidt et al., 2023).

Other examples include the Near-Real Time Autonomous Quality Control (NRAQC) system for streaming sensor data, as
well as open-source packages for hydrology and water quality that combine visualisation and automated QC tests (Taylor
and Loescher, 2013; Scully-Allison et al., 2018). AutoQC4Env is a more recent system that provides QC services for 50

environmental time series via open web services, again highlighting the need for scalable, machine-readable QC logic in the
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face of growing sensor networks (Kaffashzadeh et al., 2019). In addition to such generic engines, a number of domain-specific
QC algorithms have been developed for particular observing systems. Some related Examples are automated near-real-time
QC and cloud screening for AERONET aerosol optical depth or AERONET-OC to retrieval ocean color from radiances
measurements (Giles et al., 2019; Zibordi et al., 2022) or QC schemes for satellite and sounding retrievals based on total
precipitable water and a-priori error classification (Kwon et al., 2012). For remote atmospheric composition data, e.g. Beck5

et al. (2022) propose an automated identification of local contamination in otherwise remote time series, using statistical
pattern detection and metadata to separate local artefacts from background variability.

A closely related aerosol-domain example is provided by the NOAA/ESRL/GMD Federated Aerosol Network, where the
CPD/CPX software environment combines data acquisition, visualisation, event logging and expert data editing within a10

common operational workflow (Andrews et al., 2019; NOAA Global Monitoring Laboratory, n.d.). The documented QA/QC
practice explicitly includes inspection of housekeeping parameters and station event logs, and invalidation or close review
of data around span checks, leak checks, filtered-air checks, impactor servicing, filter changes and power interruptions
(NOAA Global Monitoring Laboratory, 2022). This event-aware and instrument-aware screening logic provides an important
aerosol-specific point of reference for automated QC of optical aerosol time series.15

Among generic, reusable frameworks, SaQC is an open-source implementation for traceable and reproducible QC
workflows on time series (Schmidt et al., 2023). In this study, SaQC serves as the execution environment (Section 4.1),
complemented by the ACTRIS-specific implementation actris_qc (Section 4.2); comparable pipelines could in principle
be realised with other rule-based QC engines. SaQC has also been integrated into a broader digital ecosystem for FAIR time20

series data management (Bumberger et al., 2025).

However, most applications of these frameworks and algorithms to date have focused on hydrology, soil moisture, microm-
eteorology, greenhouse-gas monitoring, and other terrestrial or column-integrated observables, with only rare examples in
atmospheric composition monitoring at the level of in-situ aerosol optics. Automated QC methods are rarely tailored to the25

specific artefacts of optical aerosol instruments such as AE33 and Aurora 4000, and there is little published experience on
embedding established aerosol QA/QC guidance (GAW, ACTRIS, RI-URBANS) into such generic QC frameworks.

2.4 Automated QC for air-quality and low-cost sensor networks

The explosion of low-cost air-quality sensor deployments has triggered an extensive body of work on sensor evaluation,
calibration and network-level data handling. Reviews of low-cost sensor networks and WMO reports emphasise that LCS30

can complement reference networks, but that their data are strongly affected by interferences from temperature, relative
humidity, cross-sensitivities and sensor ageing, demanding robust QA/QC and recalibration strategies (World Meteorological
Organization, 2021; Bagkis et al., 2022; Carotenuto et al., 2023; Bagkis et al., 2025). Numerous studies propose statistical and
machine-learning based calibration approaches and ad-hoc QC rules, often tuned for specific sensor types and deployment
conditions (Chu et al., 2020; Gualtieri et al., 2024; Hayward et al., 2024).35

Beyond calibration-focused work, several studies have developed automated QC algorithms for dense meteorological and
air-quality networks. For example, Napoly et al. (2018) and Båserud et al. (2020) exploit spatial and temporal consistency
within crowdsourced air-temperature data and operational meteorological networks to flag suspect observations based on
neighbourhood statistics and model backgrounds. Wu et al. (2018) introduce probabilistic automatic outlier detection for40

surface air-quality measurements in China’s national network. These approaches typically combine multi-sensor correlation,
temporal persistence tests and comparisons to external reference fields or models to assign QC flags, often tightly coupled to a
specific network or measurement type.

Despite this activity, there is still no widely adopted, generic QC pipeline that spans the full range from high-end reference45

instruments to low-cost sensors. LCS papers often implement QC as a bespoke step embedded in the calibration workflow, and
sometimes treat regulatory data as “ground truth” without explicitly accounting for their own QC status (World Meteorological
Organization, 2021; Okorn and Iraci, 2024; Gäbel and Hertig, 2025). Moreover, lessons learned in LCS QC – such as the
importance of dynamic, context-aware thresholds and multi-sensor consistency checks – are rarely propagated back into the
QC of research-infrastructure data streams.50

In addition, emerging AI-based methods aim to detect anomalies and quality issues in multi-sensor networks using, for
example, graph neural networks or other deep learning architectures (Lasota et al., 2025). These methods show promise for
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identifying subtle multivariate inconsistencies that are difficult to capture with hand-crafted rules but depend critically on high-
quality training data and interpretable QC labels. Without a robust, transparent baseline QC pipeline, there is a risk that such
models simply learn existing biases or artefacts.

2.5 Instrument-specific QC and harmonisation for aerosol absorption and scattering

A large body of literature addresses the performance, harmonisation and correction of aerosol absorption and scattering 5

instruments themselves. For AE33 and other Aethalometers, studies have investigated filter-loading artefacts, multiple-
scattering enhancement factors and wavelength dependence of the correction parameter C for different filter tapes, including
cross-sensitivity to scattering (Yus-Díez et al., 2021). Other work has proposed methods to derive dynamic, site-specific C
factors from AE33 loading parameters and to compare eBC mass concentrations against MAAP as a reference (Ferrero
et al., 2024). Pan-European analyses of long-term eBC measurements have led to recommendations on reporting eBC and 10

its uncertainties, including harmonised conversion from absorption coefficients to mass concentrations and considerations of
MAC and C-factor variability (Savadkoohi et al., 2024).

For nephelometers, numerous optical closure studies and ACTRIS deliverables have examined angular truncation, illu-
mination functions, calibration procedures and intercomparisons between Aurora 4000 and other instruments, leading to 15

recommended practices for truncated scattering corrections and RH conditioning (ACTRIS-2 Consortium, 2017b, 2018;
Müller and Fiebig, 2020; Teri et al., 2022). Intercomparison campaigns at ACTRIS sites have shown that, when properly
calibrated and operated, Aurora 4000 instruments can achieve small inter-instrument biases, but that performance degrades in
the presence of fouling, misaligned optics or inadequate RH control (ACTRIS-2 Consortium, 2018, 2019).

20

These studies and guidelines are essential for understanding and mitigating instrument-specific biases and for harmonising
data products across networks. Yet, they typically focus on what should be corrected and reported, not on how to embed this
knowledge into fully automated QC pipelines. Implementations often exist as local scripts and individual workflows, are rarely
published or documented in detail, and are not expressed in a transferable way that would allow consistent application across
many stations and networks. Furthermore, instrument-specific corrections alone do not address generic time-series issues 25

such as missing data, unreasonable spikes, long periods of constant values, or cross-variable inconsistencies (e.g. between
absorption, scattering and PM mass).

2.6 Identified gaps and positioning of this work

From this brief review, three gaps become apparent: 30

1. Lack of end-to-end automation: Existing QA/QC frameworks (GAW, ACTRIS, EPA, EU) provide detailed guidance on
procedures and data quality objectives, but do not deliver a concrete, open-source implementation that automates the QC
of aerosol optical time series in (near-)real time.

2. Fragmentation across instrument classes and network types: High-end research infrastructures and regulatory net-
works largely treat QC separately from low-cost sensor networks and citizen-science deployments, even though the un- 35

derlying time-series artefacts (outliers, drift, fouling, relative-humidity effects) are similar across instrument classes (Laj
et al., 2020; World Meteorological Organization (WMO); United Nations Environment Programme (UNEP); International
Global Atmospheric Chemistry project (IGAC), 2024).

3. Limited availability of machine-readable and reusable QC outputs: Many published QC approaches do not provide
harmonised, machine-readable QC flags and provenance that can be reused consistently across workflows and long time 40

periods. This limits downstream applications that rely on trustworthy baselines (e.g., advanced analytics, automated moni-
toring, or model–data integration), without these applications being the focus of the QC work itself (Hayward et al., 2024;
Lasota et al., 2025).

These gaps are addressed by the contributions outlined in the Introduction: we provide an openly documented, executable
and versioned QC rule set and harmonised QC outputs (flags and provenance) for aerosol optical time series, applicable both in 45

real time and on extended historical records. Beyond these overarching gaps, two further aspects are often underrepresented in
published aerosol QC schemes: the systematic integration of generic, rule-based QC toolboxes with aerosol-specific guidance
(Campbell et al., 2013; Schmidt et al., 2023), and the robust treatment of gradual drift, ageing, and fouling over multi-year
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8 Timo Houben: Automated QC of atmospheric time series

periods (Laj et al., 2020; Savadkoohi et al., 2024).

Taken together, these gaps show that the field still lacks a unified, software-level realisation of existing QA/QC guidance for
aerosol optical time series. These gaps are addressed by the contributions outlined in the Introduction: we translate GAW/AC-
TRIS recommendations and instrument expertise into machine-readable rules implemented in the SaQC framework, executable5

both in near-real time and on extended historical records, and reusable across reference, regulatory and low-cost networks.
In the remainder of this paper, we implement and evaluate this automated QC pipeline for AE33 Aethalometer and Au-

rora 4000 nephelometer data, building on the conceptual and methodological foundations outlined in Sect. 2. The subsequent
sections detail the instruments and sites, the QC logic and parameterisation, and the performance and limitations of the resulting
workflow.10

3 Instruments and Measurement Sites

This section summarises the main characteristics of the AE33 Aethalometer and Aurora 4000 nephelometer and briefly de-
scribes the two ACTRIS sites and datasets used to develop and validate the QC workflow.

3.1 Black Carbon – AE33 Aethalometer

The Aethalometer AE33 (Aerosol Magee Scientific / Aerosol d.o.o., Ljubljana, Slovenia) is a filter-based optical instrument15

widely used in atmospheric research and air quality applications to determine equivalent black carbon (eBC) concentrations
in real time. It operates on the principle of measuring light attenuation caused by aerosol particles collected on a quartz
filter tape. The AE33 model represents a significant advancement over earlier single-spot instruments (e.g. AE22, AE31) by
introducing a dual-spot technology to compensate for filter-loading effects (Drinovec et al., 2015). For different wavelengths,
light is transmitted through two spots on the filter tape simultaneously at different flow rates. By analysing the difference20

in attenuation between the two spots, the instrument corrects in real time for the nonlinear saturation signal caused by the
accumulation of particles – a known source of measurement bias termed the “loading effect” (Drinovec et al., 2015). In total,
the AE33 uses seven wavelengths ranging from 370 to 950 nm, allowing for spectral characterisation of aerosol absorption and
derivation of diagnostic parameters such as the absorption Ångström exponent (AAE) (Cuesta-Mosquera et al., 2021). The
AE33 records a range of primary measurement variables, including25

– attenuation (ATN λ) at each wavelength and spot (e.g. attn_wavel_spot with wavel={w1, . . . , w7} and
spot={sp1, sp2});

– uncorrected and corrected eBC concentrations (e.g. bc_raw_wavel_spot with wavel={w1, . . . , w7}, spot={sp1,
sp2} and bc1, . . . , bc7);

– flow rates for each channel (e.g. flow_sp1, flow_sp2, flow_sum);30

– tape advancement and general instrument status (e.g. status and related flags).

– and secondary variables such as temperature, pressure, and humidity in the aerosol inlet or ambient air if external sensors
are installed

Appropriate operation of the AE33 requires routine maintenance, including filter tape replacement, flow calibration,
and leak checks. Variations in flow on the order of ±10 or improper sealing can lead to significant under- or overestima-35

tion of eBC values, especially at low attenuation levels or during transitions between tape spots (Cuesta-Mosquera et al., 2021).

Intercomparison studies have shown that, when operated under standardised procedures, AE33 instruments demonstrate
low unit-to-unit variability and a temporal resolution suitable for both background and urban air quality monitoring (Cuesta-
Mosquera et al., 2021). Nonetheless, artefacts such as residual cross-sensitivity to scattering aerosols, filter stabilization (e.g.40

after changes of relative humidity), and the timing of tape advance events require careful quality-control procedures to en-
sure data reliability. In the following, we primarily use the eBC concentration at 370 nm from the first wavelength channel
(ebc_w1) as the target variable for the QC workflow. A frequently used equation for investigating wavelength dependence
is given by the absorption Ångström exponent (AAE). The wavelength dependence for eBC concentration is defined for
different pairs of wavelengths by the following equations (Moosmüller et al., 2011; Valenzuela et al., 2015):45
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The AAE equations differ from the equations that are often used in aerosol optics, where the ratio of absorption coefficients
is used instead of the ratio of eBC. Since the Aethalometer assumes an AAE of unity when converting absorption coefficients
to equivalent black carbon, this factor appears as an additive number in the equation.

3.2 Light Scattering – Aurora 4000 5

The Aurora 4000 polar nephelometer (Ecotech Ltd., Knoxville, Australia) is a three-wavelength integrating nephelometer
(blue: 450 nm, green: 525 nm, red: 635 nm) used for measuring various aerosol light scattering properties. The instrument is
designed for continuous operation and extends the capabilities of its predecessor, the Aurora 3000 (Müller et al., 2011), by
enabling not only the measurement of total and backscattering coefficients, but also multi-angle scattering characterisation
in real time. The optical configuration includes a nearly Lambertian light source positioned orthogonally to the detector, 10

producing an angular distribution approximating sin(θ), where θ is the scattering angle (Müller et al., 2011).

The angular and spectral resolution of the Aurora 4000 allows for detailed characterisation of aerosol optical properties
across 17 discrete angular sectors. These sectors span from a nominal lower angle α to 170◦, with α increasing in 5◦ incre-
ments from 10◦ to 90◦ (0, 10, 15, . . . , 90◦) (Ran et al., 2023). The instrument’s backscatter shutter system enables switching 15

between full-angle and sector-specific scattering measurements, facilitating the calculation of nominal total scattering as well
as angle-resolved coefficients.

The angular scattering coefficient σ(α,λ), measured at wavelength λ and lower angular limit α, can be expressed as

σ(α,λ) =
λ2

2π

180∫

0

S(θ,λ)Z(θ,α)dθ, (2) 20

where S(θ,λ) is the angular scattering function of the aerosol, and Z(θ,α) represents the illumination function of the instru-
ment. Ideally, Z(θ,α) follows a sine function for θ ≥ α and is zero otherwise. In practice, this assumption is compromised
by factors such as truncation at low and high angles, deviations from Lambertian emission, and beam blockage by the shutter
mechanism (Mueller et al., 2012). These instrumental effects must be carefully considered when interpreting scattering
measurements. 25

A more detailed discussion of the physical principles and retrieval limitations of nephelometric measurements can be found
in Anderson et al. (Anderson et al., 1996) and Teri et al. (Teri et al., 2022), including a discussion of uncertainty contributions
from particle properties. These considerations are essential for the development of robust quality-control routines in automated
data-processing pipelines, as pursued in this study within the ACTRIS context. In the following, we primarily use the total 30

scattering coefficient at 450 nm (σsca,450; sca_450) together with associated instrument state variables as inputs to the QC
workflow. A derived quantity for examining the wavelength dependence of the scattering coefficient is the scattering Ångström
exponent, which is defined similarly to the AAE.
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3.3 Data Overview 35

This study uses time series data obtained from two ACTRIS-compliant in situ aerosol measurement sites operated by
TROPOS in eastern Germany: the TROPOS central facility in Leipzig (12◦26′3′′ E, 51◦21′9′′ N; 122 m a.s.l.) and the regional
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10 Timo Houben: Automated QC of atmospheric time series

background station in Melpitz near Torgau (12◦56′ E, 51◦32′ N; 86 m a.s.l.).

The TROPOS central facility is located in an urban environment and provides measurements representative of anthro-
pogenically influenced urban conditions. The instruments operated there include the AE33 Aethalometer and the Aurora 4000
Nephelometer. Although the station is not an official ACTRIS station, it is used by the WCCAP (World Calibration Centre5

for Aerosol Physics), which is hosted at TROPOS, as a facility for testing hardware and software developments for use in the
ACTRIS infrastructure.

The Melpitz site is situated in a rural background environment near Torgau (Saxony), approximately 50 km northeast of
Leipzig. The station is surrounded predominantly by agricultural land and is only weakly affected by nearby local emission10

sources. Melpitz represents a TROPOS supersite with a comprehensive set of instrumentation for physical and chemical
aerosol and trace gas characterisation. As part of the German ACTRIS network, it complements the urban dataset from
TROPOS with measurements reflecting regional background aerosol characteristics. Instruments at Melpitz are operated under
the same standardised quality-control procedures.

15

Figure 1. (a) The TROPOS urban measurement site with an Aethalometer, Nephelometer and aerosol conditioning unit. (b) Aerosol inlet
on the roof. (c) The Melpitz measurement station from outside. The arrangement of the aerosol inlets and instruments inside the station is
similar to that at TROPOS measurement site.

All instruments were operated under standardized conditions, and the data were post-processed using the SaQC-based
quality control pipeline described below. The Aethalometer recorded data at intervals of 10, 30, and 60 seconds. Despite these
different logging intervals, the internal averaging time of the AE33 was consistently 60 seconds. Consequently, averaging the
data to a time resolution of 1 minute within SaQC in the last Stage corresponds to the actual measurement time resolution of
the AE33. For nephelometers, data averaged at 10-second intervals were averaged to one-minute intervals by SaQC.20

The QC workflow was developed using two years of data collected at the TROPOS urban measurement site, spanning from
April 2022 to April 2024, including extended data gaps for the Aethalometer and a system failure for the Nephelometer.
Figure 2 illustrates representative data from one channel of each instrument: the Aethalometer’s eBC at 370 nm (ebc_w1,
Fig. 2a) and the nephelometer’s scattering coefficient at 450 nm (σsca,450; sca_450, Fig. 2b). Typical eBC concentrations25
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(ebc_w1) were below 2 µg m−3, with episodic peaks occurring every few weeks reaching 6–8 µg m−3 and, less frequently,
values up to 10–14 µg m−3. Due to large data gaps during the summers of 2022 and 2023, seasonal trends could not be
robustly identified. Mean daily values of the nephelometer scattering coefficient (σsca,450; sca_450) generally remained
below 100 Mm−1 in summer, whereas wintertime measurements exhibited more pronounced variability with peaks reaching
up to 300 Mm−1 every few weeks. A system failure, likely caused by instrument clogging, occurred in autumn 2023 and 5

resulted in highly erratic data until the device was replaced and restarted operation in February 2024.

Figure 2. Data from the TROPOS measurement site in Leipzig, Germany. (a) AE33 Aethalometer data as equivalent black carbon (eBC) of
the first channel at 370 nm (ebc_w1). (b) Light-scattering data from the first channel of the Aurora 4000 nephelometer at 450 nm (σsca,450;
sca_450).

The developed QC solution for the TROPOS urban measurement site was validated with data from the rural measurement
site Melpitz ranging from November 2024 to April 2025 (Fig. 3). Daily mean Aethalometer records for black carbon (ebc_w1)
were mostly below 2 µg m−3, while multi-day pollution episodes occurred in November and late December 2024 with values 10

up to 4–8 µg m−3. From February 2025 onwards the variability of the signal increased, with several pronounced peaks between
4 and 6 µg m−3. The temporal evolution of the nephelometer’s scattering coefficient (σsca,450; sca_450) closely followed the
eBC time series, with standard values below 100 Mm−1 and peaks up to about 300 Mm−1 in November 2024 and spring 2025.

Besides the primary variables shown, both instruments record several additional data series accompanying the main mea- 15

surements, many of which have been utilized in the quality control (QC) process. Representative images of these auxiliary data
series are provided in the uploaded QC results (Houben et al., 2026a).

4 Quality Control Framework

4.1 SaQC Software

The SaQC software (System for automated Quality Control) is a general-purpose, open-source framework designed to 20

support automated, reproducible and transparent quality control (QC) of time series data across environmental domains.
SaQC was developed explicitly to enable traceable and reproducible data streams in environmental science and to serve as
a core component of FAIR (Findable, Accessible, Interoperable, Reusable) data workflows by making QC processing steps
machine-readable and versionable (Schmidt et al., 2023).

25

A central design principle of SaQC is its domain-agnostic and low-code configuration concept. Instead of hard-coding
procedures for specific applications, QC rules are defined in structured configuration files that describe condition-based checks
(e.g. range tests, temporal consistency, handling of missing values, compound flagging strategies). This strict separation
between rule definition and execution allows domain experts to encode their expertise directly, without changing the core
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12 Timo Houben: Automated QC of atmospheric time series

Figure 3. Data from measurement site at Melpitz measurement site, Germany. (a) AE33 Aethalometer data as equivalent black carbon
(eBC) of first channel at 370 nm (ebc_w1). (b) Light scattering data from first channel of Nephelometer Aurora 4000 at 450 nm (σsca,450;
sca_450).

software and largely without programming. The same configuration can be applied to historical archives, to live data streams
and, if version-controlled, can be re-used and adapted across projects and research infrastructures.

Beyond classical threshold-based validation, SaQC provides a comprehensive library of generic pre- and post-processing
routines (e.g. resampling, detrending, interpolation) and QC tests ranging from simple range or variance checks to more5

advanced methods such as change-point detection, pattern recognition and multivariate anomaly detection. In addition,
SaQC natively supports the integration of machine learning (ML) techniques, including unsupervised anomaly detection,
multivariate pattern recognition and graph-based models. This extensibility enables hybrid QC workflows in which rule-based
and ML-based strategies complement each other and can be tuned to specific instruments, sites or network-level requirements
(Lasota et al., 2025).10

A distinctive feature of SaQC is its explicit and flexible handling of quality flags. Users can define arbitrary flagging
schemes (e.g. good, suspicious, bad, maintenance) and control how flags propagate through the processing chain. SaQC keeps
a full flag history by storing, for each data point, which QC test produced which flag. This allows (i) the reconstruction of
the effective decision logic a posteriori, (ii) the aggregation or translation of heterogeneous flagging schemes from different15

data providers into harmonised quality indicators and (iii) robust resampling of both data and flags in a consistent way. In
combination with metadata enrichment and version control of configuration files, this provides the technical basis for FAIR
data streams and reproducible QC pipelines across sites and instrument classes.

SaQC can be operated via a command-line interface, a Python API or a web-based configuration application. This makes20

it suitable both for exploratory development (e.g. interactive tuning of QC rules on individual time series) and for fully auto-
mated, near-real-time operation in production data pipelines. The software is designed to be integrated with standard workflow
and scheduling tools (e.g. cron jobs or workflow engines) and with higher-level information systems such as time-series
databases, sensor management systems or research data portals (Bumberger et al., 2025). In this way, QC becomes an explicit,
traceable component of the end-to-end data lifecycle, rather than an opaque post-processing step. For high-frequency and25

real-time applications, SaQC supports fully automated execution. It can be run in batch mode or as a service integrated into
live data acquisition pipelines, making it suitable for research infrastructures like ACTRIS, where operational consistency and
scalability are required across diverse stations and instrument types (ACTRIS-2 Consortium, 2018).

In the context of this study, SaQC is applied to aerosol time series from AE33 Aethalometers and Aurora 4000 nephelometers30

at two ACTRIS sites. Instrument-specific QC rules are implemented to capture known issues such as flow instability, attenua-
tion saturation, scattering anomalies and artefacts in derived intensive parameters such as the absorption Ångström exponent
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(AAE) and scattering Ångström exponent (SAE). All QC logic is encoded in python files, and the resulting pipelines are
fully automated, version-controlled and re-runnable. This ensures that the aerosol optical data streams used here are not only
quality-controlled in real time, but also FAIR-compliant, transparent and reproducible across ACTRIS National Facilities and
beyond.

4.2 ACTRIS Specific QC Solution 5

While SaQC offers a flexible, general platform for automated quality control, ACTRIS has specific operational needs, such as
harmonised database structures, standardised flagging schemes and support for multiple atmospheric instruments operated in
a distributed research infrastructure. To address these additional demands, the actris_qc Python package was developed as
an ACTRIS-tailored solution (Fig. 4). It builds directly on SaQC’s core functionalities but adds ACTRIS-specific workflows,
tuned QC parameters and data-access routines for ACTRIS instruments. In this way, actris_qc translates the generic, 10

rule-based SaQC concept into a deployable, station-level QC pipeline that produces reproducible, FAIR-compliant aerosol
data streams across the ACTRIS network.

Figure 4. Schematic overview of the actris_qc Python package wrapped around SaQC functionalities for seamless integration at ACTRIS
measurement stations. Systems integrators can obtain the package from a public repository (see Data and Code Availability) and install it
using standard Python tools. Only the config.yml file needs to be adjusted to reflect the local database configuration and the desired
execution frequency of the automated quality-control workflow. The run.py script should then be executed regularly on the station’s
operating system to trigger the QC.

A key element of this translation is the way actris_qc exploits SaQC’s flexible flagging and configuration concept. The
flagging scheme with its well-defined categories (e.g. GOOD, DOUBTFUL, BAD) is encoded once in the SaQC configuration and 15

then applied uniformly across instruments and sites. Numeric codes, human-readable labels and their semantics are defined in
machine-readable form, so that each QC test in SaQC can assign flags that are directly compatible with ACTRIS standards.
This makes it possible to fully benefit from the ACTRIS flagging recommendations without adding instrument-specific code,
and it ensures that quality information is comparable across stations and time. At the same time, the underlying mechanism
remains generic: other networks or projects can adopt the same QC workflows by providing their own flag dictionaries and 20

minimal configuration changes, without modifying the implementation of actris_qc or SaQC.

The actris_qc package is designed as a modular system that allows straightforward integration of additional devices
while preserving the standardised ACTRIS local database structure. Station operators execute the main script run.py at
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14 Timo Houben: Automated QC of atmospheric time series

regular intervals on local machines that collect the instrument data. This script orchestrates the full QC workflow: it retrieves
new data from the local database (or from local files), applies the configured SaQC-based QC procedures and generates
diagnostic plots, CSV outputs and QC logs. Once scheduled (e.g. via cron or similar tools), this enables continuous,
unattended quality control in near real time.

5

Configuration of the system is concentrated in a single file, config.yml, where database credentials must be specified
and QC settings can be adapted. Besides database connectivity, the configuration also defines which instruments are active at
a station, which QC workflow should be applied, and how far back in time the system should look for new or updated records.
The solution also supports data retrieval from local files for experimental or offline quality control. While modifications to
the underlying SaQC configuration are possible, we recommend using the parameter sets determined and validated in this10

study as default settings to ensure robust and comparable results across sites. Instrument-specific QC logic is implemented in
the qc module, which currently provides dedicated workflows for AE33 Aethalometer and Aurora 4000 nephelometer data.
The modular structure ensures that additional instruments can be incorporated with minimal additional code by re-using the
same SaQC abstractions. In practice, transferring the solution to another ACTRIS station, or even to another network with a
different database layout, mainly requires adapting the configuration and data-access layer rather than redesigning the QC logic.15

The system applies the SaQC flag handling to classify data points into categories such as GOOD, DOUBTFUL and BAD,
thereby providing a harmonised quality descriptor for downstream users. The actris_qc package also includes a parameter
optimisation workflow to derive appropriate settings for individual QC methods from reference datasets. An example of this
optimisation procedure is implemented in the optimization module, and precomputed, recommended parameter sets20

are stored in CSV files. This allows stations to directly adopt well-tested QC configurations while retaining the option to
recalibrate thresholds for local conditions if needed.

Across all local installations at measurement sites, the ACTRIS database structure remains consistent, ensuring seamless
integration and interoperability of the developed solution. The data_manager.py module encapsulates data access and25

storage, handling efficient retrieval from databases or local files and exports QC results as data and flags for further analysis
and upload to ACTRIS data infrastructures. Together, these components turn SaQC’s generic quality-control concepts into an
operational, reusable and transparent QC solution that can be deployed uniformly across ACTRIS National Facilities, while
remaining transferable to other environmental monitoring networks through configuration-level adaptations.

5 QC Logic and Implementation30

5.1 Quality Control Pipeline

The quality control workflow for atmospheric measurement devices within the actris_qc package follows consecutive
steps to ensure the production of a final, quality-assured data set (Fig. 5). Initially, after the raw data records from the
considered instruments are obtained, they are filtered for relevant variables and temporally aligned to a common interval (i.e.
every 10 s), followed by the flagging of missing values. Quality control then begins with device-level checks (Stage 1) – such35

as assessments of temperature, pressure, and flow – which generate flags affecting the source variables and are subsequently
propagated to the variables of interest (or primary variables), i.e. the equivalent black carbon eBC and light scattering
coefficient σsca series.

Subsequent channel-specific checks (Stage 2) are applied, where the primary variables eBC and σsca and channel-specific40

attenuation are checked, with flags assigned only to the respective channels. All flags from these steps are concatenated while
realigning the data back to the original grid, before being resampled to a coarser temporal resolution (1 min, arithmetic mean).
In Stage 3, derived variables are then calculated and subjected to further QC checks tailored to these variables (i.e. absorption
and scattering Ångström exponents AAE and SAE). During this sequential approach, each step is logged through an extensive
protocol, and both intermediate and final QC results are exported as figures and data files, resulting in a comprehensive and45

transparent QC documentation.

By structuring the pipeline into these three stages – from device control variables via channel-specific checks to derived
diagnostics – the workflow closely mirrors the stepwise screening recommended in established QA/QC guidelines (e.g. World
Meteorological Organization (WMO) (2016); Müller and Fiebig (2020, 2021); ACTRIS CAIS-ECAC (2026); U.S. Environ-50

mental Protection Agency (2026)), but expresses them as explicit, machine-readable rules within SaQC and actris_qc.
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Timo Houben: Automated QC of atmospheric time series 15

This enables reproducible, FAIR-compliant aerosol data streams that can be transferred across stations and instruments with
minimal reconfiguration.

Figure 5. Schematic overview of the quality control workflow developed for the Aethalometer and Nephelometer atmospheric instruments.

5.2 Event Classification

The raw datasets of the primary variables of the first channels (ebc_w1, sca_450) from the TROPOS and Melpitz measure-
ment sites (Fig. 2 and Fig. 3) exhibit various anomalies identified through visual inspection. For both instruments and sites, 5

specific time periods were selected to represent each anomaly category. Table 1 lists the identified anomalies, their correspond-
ing time ranges, and brief descriptions. The most frequent anomalies include

– exceptionally high values and local outliers,

– increased scattering or noise,

– nearly constant records below the instrument’s detection limit/noise, 10

– sudden jumps followed by device events (e.g. filter change),

– doubtful AAE and SAE fluctuations after filter change,

– unreasonably low values or unreasonable peaks.
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16 Timo Houben: Automated QC of atmospheric time series

Each anomaly from the TROPOS measurement site for both instruments was isolated and subjected to quality control.
According to the characteristics of the anomalies, suitable SaQC methods and functions were selected, properly parameterized,
and implemented in the QC pipeline. Next, resulting flags (DOUBTFUL and BAD) for data points within the selected time
ranges were visualized and checked for consistency across all anomalies. The developed QC workflow, including the
obtained parameterization, was finally validated with data from the Melpitz station. A list of all incorporated tests and their5

corresponding parameterization for both instruments is attached in the Appendix (Table A1 and A2).

This anomaly-based event classification step plays a similar role to the manual inspection recommended in GAW and AC-
TRIS guidelines, but here it is explicitly used to tune and validate the automated SaQC operators for aerosol-specific artefacts.

5.3 Stage 1: Device Control Variables10

Device control variables include status flags and environmental readings such as temperature, pressure, and flow rates. For the
AE33 Aethalometer, three independent flow rates (spot 1:flow_1, spot 2: flow_2, sum: flow_c) as well as the inlet relative
humidity (rh_inlet) were continuously monitored. Flags were assigned when values deviated from expected operational
ranges:

– flow_1: [3.7–4.05] Lmin−1 (outside→ BAD)15

– flow_2: [0.8–1.3] Lmin−1 (outside→ BAD)

– flow_c: [4.8–5.0] Lmin−1 (outside→ BAD)

– rh_inlet: [0–50] % (outside→ BAD)

– rh_inlet: [40–50] % (inside→ DOUBTFUL)

Device status variables (e.g. status_inst, status_ctrl, status_led, status_valve, numflag) that are not20

equal to 0 indicate malfunctions or provide information about the operating status that does not affect data quality. The status
information has been interpreted according to the manufacturer’s logic and identified as necessary. Numflag is not a standard
output of the AE33. It was used during operation of the device to indicate periods of maintenance work, among other things.

– status_valve ̸= 0: 5-minute backfill flag propagation (DOUBTFUL),

– status_valve ̸= 0: 30-minute frontfill flag propagation (BAD).25

For the Aurora 4000 Nephelometer, the inlet temperature, pressure and humidity were recorded. The data ranges for relative
humidity were set to the same range intervals as those employed for the AE33 Aethalometer. Pressure and temperature ranges
were set as follows:

– temp_int: [233.15–313.15] K (outside→ BAD)

– pres_int: [950–1030] hPa (outside→ BAD)30

Device status variables (state_major and state_dio) for the Nephelometer were monitored to assess system
condition. Values deviating from zero were flagged as BAD data points. Additionally, flag propagation from state_major
was applied with a 5-minute backfill flagged as DOUBTFUL and a 20-minute frontfill flagged as BAD.

The Stage 1 checks explicitly encode the instrument-operation and inlet-conditioning requirements described in GAW35

aerosol guidelines and ACTRIS ECAC manual QC for AE33 and Aurora 4000 (e.g. flow tolerances, inlet RH < 40%,
interpretation of device status flags). Deviations from these recommended ranges are mapped to the flag categories
GOOD/DOUBTFUL/BAD, thereby providing a software-level realisation of the narrative guidance in these documents and en-
abling a consistent application of the flagging scheme across stations.

5.4 Stage 2: Channel-Specific Quality Control40

Primary variables such as attenuation for the first spot (attn), equivalent black carbon concentration (eBC), and scattering
coefficients (σsca) were subject to individual range and consistency checks. Both devices measure on multiple channels with
different wavelength detectors, and each channel was quality controlled separately by applying the following tests.

For the AE33 Aethalometer, the following ranges for attenuation were set:45

https://doi.org/10.5194/egusphere-2026-235
Preprint. Discussion started: 13 March 2026
c© Author(s) 2026. CC BY 4.0 License.



Timo Houben: Automated QC of atmospheric time series 17

– attn: [0–120] (outside→ BAD)

– attn: [80–100] (inside→ DOUBTFUL)

Multiple tests were applied to the black carbon series. First, a noise detection with the SaQC function
flagByScatterLowpass was applied using optimized parameters (Section 5.7). Consecutive range tests considering the
lower detection limit of the device and plausible maximum values limited upper and lower bounds: 5

– eBC: [-0.075–100] µg m−3 (outside→ BAD)

– eBC: [-0.075–0.05] or [20–100] µg m−3 (inside→ DOUBTFUL)

Next, a test was conducted to identify implausible periods characterized by minimal data variation, remaining below the
instrument’s inherent measurement noise, with a threshold set at 0.012 µg m−3 and a window size of 12 minutes. Finally,
remaining outliers were removed from the series with a LOF (local outlier factor) test (threshold: 1.17, number of values: 10

400) in combination with a 1-hour rolling mean to remove only outliers pointing towards smaller values than the rolling mean
(downward spikes).

For the Aurora 4000 Nephelometer, similar quality tests were applied to the σsca data. First, standard range tests were used
to constrain reasonable data ranges, with thresholds set as follows: 15

– σsca values: [0–20 000] Mm−1 (outside→ BAD)

– σsca values: [0–0.05] Mm−1 or [6 000–20 000] Mm−1 (inside→ DOUBTFUL)

The upper limit of the BAD data range corresponds to the detection limit, while the lower threshold of the DOUBTFUL data
range is determined by the instrument’s noise level. The upper threshold of the DOUBTFUL data range was calibrated based on
events recorded during the data collection period in urban settings and during New Year’s Eve (Khedr et al., 2022). 20

Flats and constant values were flagged with a threshold of 0.012 and a window size of 12 minutes. Finally, noise detection
was performed in order to identify data periods with increased noise, where all matching data points were flagged as
DOUBTFUL.

25

The Stage 2 range and variability checks correspond to the generic time-series screening procedures recommended in GAW
aerosol guidelines and in regulatory QA handbooks (range tests, spike and noise detection, persistence tests). Within SaQC
and actris_qc, these concepts are implemented as explicit operators with ACTRIS-compatible flags (GOOD, DOUBTFUL,
BAD), turning the narrative notions of automatic screening and data review into a reproducible rule set that can be re-used
across instruments and sites. 30

5.5 Stage 3: Derived Variable Checks

After performing quality checks on device control and channel-specific variables, the variables of interest (eBC, σsca) were
resampled to a 1-minute resolution (arithmetic mean), retaining only data points that passed the previous QC stages. Based on
the remaining data, three absorption Ångström exponents (AAE) were calculated from the eBC signals, each using different
wavelength ratios as defined in Equation 1: 35

First, a range test was applied to each AAE series and flags were assigned for the following limits:

– AAE < 0.8 or AAE > 2.2→ DOUBTFUL,

– AAE < 0.5 or AAE > 3.0→ BAD.

Subsequently, a discrepancy check was conducted, where a parameter defining the tolerated absolute difference between the
three AAE series was set to 0.7: 40

– AAEUVG ≫AAEUVR or AAEUVR ≫AAEGR → BAD.

The criteria listed above are applicable to the measurements taken at Melpitz and TROPOS. When applying them to European
wide monitoring networks, the thresholds should be derived from a re-analysis of historical data to ensure suitability for all
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measurement sites and aerosol types. A more comprehensive analysis that combines multiple datasets would be required for
this, but it lies outside the scope of the current manuscript.

For the Aurora 4000 Nephelometer, a similar approach as for the Aethalometer was implemented. Three scattering
Ångström exponents (SAE) were calculated from the resampled σsca signals according to Equation 3. A discrepancy check
for the Nephelometer was applied according to the same rules as for the Aethalometer, but the tolerated difference was set5

to 1.0. Limits for AAE and SAE were set based on the processed data sets from the TROPOS measurement site as well as
supported by studies from Suchánková et al. (2024); Zhao et al. (2021).

The use of AAE and SAE as diagnostic quantities follows ACTRIS guidance, where these derived products are inspected
during manual QC to identify residual artefacts (e.g. loading, scattering cross-sensitivity, RH effects). By embedding these10

checks as Stage 3 operators in SaQC and propagating their flags back to the primary variables, we effectively automate this
diagnostic step and make the resulting decisions traceable and reproducible within the ACTRIS flagging framework.

5.6 Post QC loading compensation evaluation

In the following, we will outline the use of SaQC in an operational scientific context using an example. Loading effects of an
AE33 can be investigated using statistical analysis after the time series adjusted with SaQC have been analyzed in an offline or15

semi-online process of instrument-specific analyses, as described in (Drinovec et al., 2015). One method, following Drinovec
et al. (2015), is to represent the eBC concentrations in bins of the attenuation (ATN ) for a long time series (see Figure B1).
Statistically, values for eBC concentration and the loading state of a filter spot reflected by ATN are uncorrelated, provided
that no artifacts occur, e.g., filter changes are always performed at the same time of day, resulting in a correlation with the daily
cycle of the eBC concentration. Based on the two eBC concentrations at different wavelengths, it can be seen that there is a20

slight dependency for the two channels in the UV (channel 1, ebcw1) and NIR (channel 6, ebcw6). For the measurements at
TROPOS, UV and NIR eBC are positively correlated with ATN , and for Melpitz they are negatively correlated. This result
indicated a station-specific loading effect. However, wavelength dependencies reflected by the AAE are mutually compensated
for Melpitz and TROPOS. Limits for flagging the AAE proved to be favourable for the Melpitz and TROPOS stations. In a
large network with different aerosol types and concentrations, these limits must be re-evaluated, also with regard to loading25

effects.
Due to its degree of automation, SaQC not only provides automatic statistical analyses in real time, but also allows archived

data sets to be accessed and subjected to a uniform, traceable QC method. This ensures, e.g., the reanalysis of large datasets.

5.7 Parameter Optimization

Multiple sections with increased noise were detected for both instruments at the TROPOS measurement site. In order to30

find optimal parameters for SaQC’s flagByScatterLowpass test, which is typically applied for noise detection, a
separate preceding workflow was executed. In a first step, regions of increased noise were flagged manually using SaQC’s
flagByClick functionality. The manually selected data points were used as targets for the optimization process, which
automatically determined parameters for the flagByScatterLowpass test. The resulting parameters for ebc_w1 and
sca_450 were stored as CSV files and were loaded during the main QC pipeline of the respective device. Noise detection35

can be switched on and off in the configuration files and was only applied for the TROPOS site.

This parameter optimization reconciles generic SaQC operators with instrument- and site-specific behaviour, in line with
QA/QC guidelines that recommend local tuning and validation of automatic screening rules against expert judgement.

5.8 Flag Propagation and Finalization40

Flags generated at the device control level were transferred the variables of interest, i.e. to the first channel of equivalent black
carbon from the Aethalometer and to the first scattering channel from the Nephelometer. Flags generated specifically for a
channel from the variables of interest remained on that channel and were not further transferred to other series. The flags from
the channel-specific attenuation were transferred similarly, for each channel, to the corresponding variable of interest.

45

The data from the variables of interest were resampled to 1-minute intervals using the arithmetic mean. Only data points
passing all QC stages were retained for the integrated analysis, and the results were written to two files. The first dataset
contains results from the original data on the measured grid, including information about the flags, while the second dataset
comprises the resampled data along with flag information.

50
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After each individual test, a figure is saved in the working directory visualizing the impact of the respective test on the
data, enabling transparency throughout the steps of the QC pipeline. Together with the explicit storage of all flags and their
provenance in SaQC, this design supports traceable, FAIR-compliant QC workflows and aligns with the recommendations of
major QA/QC frameworks to document both data and processing history.

6 Application and Results 5

This section presents the identified anomalies, demonstrates the outcome of the full QC pipeline for both instruments at the
TROPOS measurement site, illustrates selected special cases, and shows the validation with the Melpitz data sets. Finally, we
summarise flag statistics and computational performance for the selected anomalies.

Both devices operate on multiple wavelength channels. In the following, we focus on the first channel of each instrument, 10

corresponding to the shortest wavelength (ebc_w1, sca_450), which is most relevant for downstream analyses and provides
a compact view of the QC behaviour.

6.1 Aethalometer

Stages 1 and 2 of the QC workflow combine device-control information with channel-specific tests for the variable of interest
ebc_w1. Figure 6a illustrates the resulting flags for the Aethalometer at the TROPOS site for anomaly bc2 after completion of 15

Stage 2 and concatenation of all flags. Several QC tests are triggered along the workflow. Most downward spikes are captured
by the range tests on the primary variable ebc_w1, with the majority classified as BAD and a smaller fraction as DOUBTFUL.
Remaining downward spikes are associated with device-specific events (e.g. changes in status_inst related to filter
changes). Flag propagation around status_valve events marks preceding records as DOUBTFUL and the anomalously
high records following such events as BAD. Residual downward spikes that are not linked to device status are finally removed 20

by the local outlier test.

Following Stages 1 and 2, derived-variable checks are applied in Stage 3. Channel-specific AAE values are calculated and
their mutual consistency is evaluated according to the logic described in Section 5.5. The resulting series and flags are shown
in Fig. 6b. Several high and low peaks in the AAE series are identified and flagged, as well as two time periods with increased 25

noise, where the discrepancy tests mainly flag the higher values and the range tests the lower values. Figure 6c visualises the
combined result of Stages 2 and 3, where all flags from Stage 3 have been transferred back to the variable of interest ebc_w1.
This step reveals additional downward spikes and low-value intervals with enhanced AAE variability that were not detected
in the earlier stages.

30

Figure 6d compares the original ebc_w1 series with the final cleaned time series, where all data points flagged as BAD or
DOUBTFUL have been removed. Downward outliers and implausible value ranges are effectively eliminated, and the cleaned
series is subsequently resampled to a 1-minute resolution (arithmetic mean) for further analyses.

6.2 Nephelometer

Analogous to the Aethalometer workflow, Fig. 7a shows the flags for the Aurora 4000 Nephelometer at the TROPOS site 35

after Stage 2 and concatenation of all flags for anomaly bc1, for the variable of interest sca_450. In this case, only two
pronounced anomalies are detected, both associated with a device-control event and the corresponding flag propagation
window (DOUBTFUL).

Figure 7b presents the scattering Ångström exponents SAE derived from multiple channels together with the resulting 40

flags. Periods of increased noise as well as exceptionally high peaks in SAE are flagged by the range and discrepancy tests.
Transferring these flags to the sca_450 series (Fig. 7c) captures remaining downward spikes that were not removed in Stage 2.
The final cleaned and resampled sca_450 signal is shown in Fig. 7e.

6.3 Exemplary Special Cases

In contrast to the previous subsections, which present the full QC pipeline for representative anomalies and time ranges, this 45

subsection briefly illustrates a special case of a rare anomaly.
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20 Timo Houben: Automated QC of atmospheric time series

Figure 6. Resulting QC flags for ebc_w1 measured by the AE33 Aethalometer at the TROPOS measurement site for anomaly bc2. (a) Flags
after Stage 2 (channel-level QC of ebc_w1), (b) flags from QC tests applied to the derived AAE time series (Stage 3), (c) Stage 3 flags
propagated back to the final variable of interest ebc_w1, (d) original ebc_w1 series, (e) final, cleaned ebc_w1 series after applying the
aggregated flags.
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Figure 7. Resulting QC flags for sca_450 measured by the Aurora 4000 nephelometer at the TROPOS measurement site for anomaly
bc1. (a) Flags after Stage 2 (channel-level QC of sca_450), (b) flags from QC tests applied to the derived SAE time series (Stage 3), (c)
Stage 3 flags propagated back to the final variable of interest sca_450, (d) original sca_450 series, (e) final, cleaned sca_450 series
after applying the aggregated flags.
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As described in Section 5.7, the parameters of selected SaQC tests were derived through an optimisation workflow. In
January 2024 (part of anomaly bc5), the Aethalometer exhibited a strongly increased signal-to-noise ratio over several days
at the beginning of its operation (Fig. 8). A sudden change in this ratio occurred, and the preceding high-noise period was
successfully flagged using the flagByScatterLowpass method during Stage 3, while subsequent data points with lower
noise levels were retained as valid. During anomaly bc5, the implemented QC pipeline also flagged additional data points5

beyond those directly affected by the high-noise period (Fig. 8).

Figure 8. Equivalent black carbon ebc_w1 from the Aethalometer at the TROPOS measurement site. Depicted is the time range corre-
sponding to anomaly bc5, where increased channel noise was detected and consequently flagged by the QC pipeline.

6.4 Validation with Melpitz Data

Data from the Melpitz measurement site were used to validate the parameterised QC pipeline derived from the TROPOS data
set. Two representative anomaly examples are shown for each instrument.10

6.4.1 Aethalometer

Figure 9a shows the time range for anomaly bc5-mel and the first channel ebc_w1 of the Aethalometer. After Stage 2, both
device-control tests and channel-specific tests have triggered flags. Several downward spikes are removed based on the ranges
of device-control variables and device-specific events. Preceding and subsequent data points around these events are flagged15

through temporal flag propagation, analogous to the TROPOS example.

The results of Stage 3 are depicted in Fig. 9b, where periods with low ebc_w1 values are partly flagged because the
corresponding AAE values fall outside the plausible range. Figure 9c illustrates the transfer of these derived-variable flags to
ebc_w1, and Fig. 9d shows the final cleaned and resampled series, in which the anomalies of anomaly bc5-mel have been20

successfully removed.

https://doi.org/10.5194/egusphere-2026-235
Preprint. Discussion started: 13 March 2026
c© Author(s) 2026. CC BY 4.0 License.



Timo Houben: Automated QC of atmospheric time series 23

Figure 9. Resulting QC flags for ebc_w1 measured by the AE33 Aethalometer at the Melpitz measurement site for anomaly bc5-mel. (a)
Flags after Stage 2 (channel-level QC of ebc_w1), (b) flags from QC tests applied to the derived AAE time series (Stage 3), (c) Stage 3
flags propagated back to the final variable of interest ebc_w1, (d) original ebc_w1 series, (e) final, cleaned ebc_w1 series after applying
the aggregated flags.
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The Melpitz data set generally shows a higher background noise level than TROPOS. As a consequence, the parameterised
noise detection method (flagByScatterLowpass) was disabled for this site to avoid flagging large portions of the data
as DOUBTFUL. Whether to activate this test is ultimately a station-level decision; a switch for this is provided in the user
configuration (Fig. 4).

5

6.4.2 Nephelometer

An example of the validation of the parameterised QC workflow for the Nephelometer is shown in Fig. 10. During a period
of approximately two days, several anomalies are detected by device-control variables in Stage 2 (Fig. 10a). By applying
range tests to the derived SAE series (Fig. 10b), remaining implausible downward spikes and data points from very low-value
periods are flagged.10

6.5 Flag Statistics and Performance Indicators

QC procedures were applied to the selected anomalies with varying time-series lengths and numbers of records. For each
anomaly, the flag statistics were collected and the total processing time up to the end of Stage 3, including figure creation
and data export, was measured. Table 2 summarises the results for both measurement sites (TROPOS and Melpitz) and both
instruments.15

For the TROPOS data set and the investigated anomalies, the rule-based system flags approximately 24 % of ebc_w1
records and 4 % of sca_450 measurements as DOUBTFUL or BAD, while the majority of data points pass the QC
pipeline without any quality flag and are thus labelled as valid (Fig. 11a). QC processing times correlate with the number
of data points, although the scaling is not strictly linear due to workflow overhead (e.g. figure and file export) and the20

increased cost of some QC tests. The Aethalometer QC generally takes longer because more tests are implemented. For
example, anomaly ls1 with about 100 000 records (approximately 1.5 months of data) requires around 187 s to pass Stage 3,
whereas shorter periods such as bc1 (2 279 records, roughly two days) require about 33 s. A similar behaviour is observed
for the Nephelometer workflow, with very long time series processing relatively efficiently once initial overheads are amortised.

25

For several anomalies in the Melpitz data set (bc1-mel, bc3-mel, bc4-mel, ls2-mel, ls3-mel), the device-control variable
status_inst leads to flags over the entire period (red bars in Fig. 11b), so these cases are not discussed further in
the preceding result subsections. For the remaining anomalies, roughly 15 % of ebc_w1 records and 3 % of sca_450
measurements are flagged as DOUBTFUL or BAD. The relationship between record count and processing time is weaker than
for the TROPOS Aethalometer examples, but processing times remain on the order of 35 s for time series with up to about30

30 000 records (approximately three days of data).

Overall, these statistics demonstrate that the automated, rule-based QC workflow can robustly handle typical anomaly pat-
terns while keeping computational costs low enough for near-real-time operation and for the reprocessing of multi-month data
segments on standard hardware.35

7 Discussion

In this study, we present a fully parameterised quality control (QC) workflow for two key aerosol measurement instruments
operated at ACTRIS stations, the AE33 Aethalometer and the Aurora 4000 Nephelometer. The workflow, implemented
within the SaQC framework and wrapped by the actris_qc package, translates narrative QA/QC guidance into an
explicit, executable and versioned rule set. It was tailored to meet the specific requirements of ACTRIS measurement sites,40

enabling a standardised, reproducible and transparent approach to data quality assurance. The pipeline follows the three-stage
scheme described in Section 5.1 (Fig. 5), combining device-control checks, channel-specific evaluations and derived-variable
assessments, thereby mirroring the multi-step screening recommended in existing QA/QC frameworks while expressing it
in a machine-readable form. In particular, it provides a software-level realisation of the stepwise screening and flagging
concepts formulated in the GAW aerosol measurement procedures, ACTRIS ECAC manuals for AE33 and Aurora 4000, and45

regulatory QA/QC handbooks for ambient air-quality networks (European Commission Joint Research Centre, 2011; German
Environment Agency, 2016; World Meteorological Organization (WMO), 2016; Müller and Fiebig, 2020, 2021; ACTRIS
CAIS-ECAC, 2026; U.S. Environmental Protection Agency, 2026).
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Figure 10. Resulting QC flags for sca_450 measured by the Aurora 4000 nephelometer at the Melpitz measurement site for anomaly
ls3-mel. (a) Flags after Stage 2 (channel-level QC of sca_450), (b) flags from QC tests applied to the derived SAE time series (Stage 3),
(c) Stage 3 flags propagated back to the final variable of interest sca_450, (d) original sca_450 series, (e) final, cleaned sca_450 series
after applying the aggregated flags.
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Figure 11. Flag statistics and performance indicators for selected anomalies. NIL: all tests passed without a flag and the record is considered
GOOD in Table 2. (a, b) Number of data records and flag distribution for TROPOS and Melpitz, respectively; (c, d) processing time of the QC
pipeline for TROPOS and Melpitz measurement sites, respectively.

Results demonstrate that manual parameterisation of the QC tests, guided by an extensive anomaly dataset from the
TROPOS measurement site, is sufficient to robustly identify and flag a wide range of data irregularities. The training dataset
comprised multiple anomaly types, including outliers, enhanced noise, periods of constant values and instrument-specific
events. Through careful parameter tuning and sequential application of QC steps, the resulting time series were effectively
cleaned, with anomalous records removed or flagged and the physical structure of genuine atmospheric variability preserved.5

For the TROPOS data, around 24 % of ebc_w1 records and 4 % of sca_450 measurements were flagged as DOUBTFUL
or BAD, while the majority of data points remained unflagged and thus valid. For Melpitz, the corresponding fractions
were approximately 15 % and 3 %, respectively, indicating that the workflow is neither excessively conservative nor overly
permissive for the investigated datasets. Wherever possible, the Stage 1 thresholds for flow, relative humidity and device-status
variables were taken directly from the above guideline documents and only refined based on the anomaly catalogue when10

explicit numerical recommendations were missing or too generic (European Commission Joint Research Centre, 2011;
German Environment Agency, 2016; World Meteorological Organization (WMO), 2016; ACTRIS CAIS-ECAC, 2026; U.S.
Environmental Protection Agency, 2026).

The cross-site transfer to the Melpitz validation dataset performed equally well, highlighting the general applicability15

of the parameterised workflow across different ACTRIS measurement stations with distinct environments and background
noise characteristics. Only limited site-specific adjustments were necessary (e.g. deactivating the noise-detection operator
for Melpitz), and these were achievable through configuration changes rather than code modifications. Together with the
anomaly-based parameter optimisation (Section 5.7), this demonstrates that a single, openly documented rule set can be
deployed across multiple stations and revisited when new experience accumulates.20

The upper and lower bounds applied to the absorption Ångström exponents (AAE) values in this study were derived from
the observations at the TROPOS and Melpitz sites. Neither dataset includes episodes of intense anthropogenic pollution
or natural high-mass events such as mineral dust accumulations or wildfires, which means that the resulting value ranges
reflect a combination of site-specific characteristics and the typical background aerosol regime of each station. Consequently,25

the limits identified here may be useful starting points for other measurement sites that do not experience extreme aerosol
loading. For sites where such high-concentration events are frequent or anticipated, the bounds would need to be adjusted
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upward to avoid discarding valid data. Because the appropriate AAE thresholds are not straightforward to estimate a priori,
we have explicitly determined them for the two stations under investigation. This approach highlights the need for either
station-specific calibration or, preferably, a coordinated, ACTRIS-wide consensus on recommended limits.

Compared to manual data inspection, the automated QC approach offers several key advantages. Manual flagging is 5

inherently subjective, time-consuming and difficult to reproduce, with reasoning often not systematically documented or
transferable to future analyses. Controlled experiments in other domains have shown that experts can arrive at markedly
different QC decisions when presented with the same dataset, even under shared guidelines. In contrast, once the SaQC
workflow is parameterised, it can be applied consistently across datasets, and any subsequent adjustments (e.g. refined
thresholds) can be retroactively implemented, enabling reproducible reprocessing of existing data archives. Each triggered QC 10

test is documented with explicit labels according to the test type, allowing the entire process to be tracked and interpreted.
In this sense, the workflow operationalises the responsibility for station-level data screening that GAW, ACTRIS and
regulatory frameworks assign to data originators, while adding the provenance tracking and repeatability needed for FAIR
data management (World Meteorological Organization (WMO), 2016; ACTRIS CAIS-ECAC, 2026; U.S. Environmental
Protection Agency, 2026). This explicit provenance and flag history are particularly relevant given that purely AI-driven QC 15

approaches, while potentially reproducible, typically lack in-depth explainability. As highlighted by Lasota et al. (2025),
interpreting AI-based decisions requires extensive model evaluation and still retains a degree of uncertainty, limiting the
applicability of AI alone for large-scale, high-resolution datasets without human oversight.

The initial parameterisation of SaQC for the AE33 Aethalometer and Aurora 4000 Nephelometer required substantial 20

expert effort, especially for constructing the anomaly catalogue and tuning the most sensitive operators (e.g. noise detection).
However, once established, downstream adjustments are minor and further improve workflow robustness. The generated flags
and detailed annotations serve different needs and can be used to filter datasets according to specific downstream tasks. For
instance, analyses may selectively consider only device-control-based flags, exclude derived-variable assessments such as
absorption Ångström exponents, or combine multiple criteria, making the presented workflow adaptable for diverse scientific 25

applications ranging from trend analysis to model evaluation.

The developed approach differs from existing complex and highly tailored methods (Giles et al., 2019; Kwon et al., 2012;
Ośródka et al., 2022) in that it does not rely on multi-sensor correlation of different sources, nor on spatial correlation
within dense networks of sensors of the same type as in Napoly et al. (2018); Båserud et al. (2020); Lasota et al. (2025). 30

Furthermore, it does not perform data estimation or gap filling during the QC step, in contrast to approaches such as Wu et al.
(2018). Consequently, the SaQC solution requires no external reference data or forecasts and instead focuses on the intrinsic
characteristics of the individual time series. This makes the workflow comparatively straightforward to parameterise and apply,
reduces the number of required assumptions and external dependencies, and helps to avoid misclassifying genuine atmospheric
events (e.g. fireworks, pollution episodes, dust events) as artefacts simply because they deviate from climatological baselines 35

or spatial patterns.

At the same time, the SaQC implementation should be viewed as a preliminary and complementary step in the broader
QA/QC chain rather than as a replacement for all other procedures, in line with the multi-stage QA/QC concepts formulated
in GAW, ACTRIS and regulatory guidance documents (European Commission Joint Research Centre, 2011; German 40

Environment Agency, 2016; World Meteorological Organization (WMO), 2016; ACTRIS CAIS-ECAC, 2026; U.S. Environ-
mental Protection Agency, 2026). It operates on level-0/1 time series prior to advanced correction or modelling steps, such as
multiple-scattering and loading corrections for absorption photometers, truncation and humidity corrections for nephelometers,
or source apportionment analyses, as summarised for black carbon and aerosol optics in Petzold et al. (2013); Laj et al. (2020);
Savadkoohi et al. (2023, 2024); RI-URBANS (2024). The workflow ensures that obvious artefacts, instrument malfunctions 45

and inconsistent derived parameters are flagged in a reproducible manner, thereby providing a clean and well-documented
basis for subsequent harmonisation and higher-level data products. In practice, manual review and expert judgement remain
essential for borderline cases, for rare or previously unseen anomaly patterns, and for evaluating long-term drifts that may be
subtle on hourly time scales but significant over years.

50

An important added value of the presented workflow is its role in preparing data for artificial intelligence and digital-twin
applications. By ensuring baseline data quality and providing labelled QC flags with explicit provenance, the workflow
produces datasets that can be reliably used for tasks such as gap filling, interpolation, or training machine-learning models
on regularly spaced grids. The anomaly catalogue and associated flags can themselves serve as training or validation data
for future ML-based QC algorithms, including graph neural network approaches for multivariate sensor networks (Lasota 55
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et al., 2025). This capability significantly accelerates scientific analyses by allowing researchers to focus on data interpretation
and model development rather than on preliminary quality assessments, and it helps to mitigate the risk that AI models
inadvertently learn from biased or contaminated training data.

Several limitations of the present work point to avenues for further development. First, parameterisation was carried out5

using anomalies from two instruments and two sites; extending the workflow to a broader range of ACTRIS stations, climatic
regimes and operational practices will likely reveal additional edge cases and may motivate more adaptive or context-aware
thresholds. Second, only AE33 and Aurora 4000 instruments were considered. Extending the actris_qc package to
additional devices (e.g. other absorption photometers, CAPS extinction monitors, or regulatory PM analysers) will test the
generality of the rule set and of the flagging concept. Third, the current workflow focuses on short- to medium-term anomalies;10

systematic multi-year drift and fouling are only indirectly addressed through derived variables and will require dedicated
long-term diagnostics in future work. Finally, while the anomaly-based parameter optimisation provides a pragmatic way to
align automated rules with expert judgement, it also inherits any biases present in the manually flagged training data; this
should be kept in mind when re-using the labelled anomalies as ground truth for ML applications.

15

Despite these limitations, the presented workflow already fulfils key requirements for operational use in research infras-
tructures. Computational performance is sufficient for near-real-time application: for example, a 1.5-month Aethalometer
segment with roughly 105 records can be processed through all QC stages in about two to three minutes on standard hardware,
while typical multi-day segments require only a few tens of seconds. The modular structure of the Python package, based on
standard SaQC workflows for time series data, allows for easy extension, parameter adjustment and integration of additional20

devices. Once embedded into routine station operation (e.g. via scheduled execution of run.py), high-resolution data with a
10 s sampling interval can be screened daily with minimal operator intervention.

Overall, the QC workflow developed here establishes a reproducible, interpretable and efficient foundation for high-quality
aerosol measurements in ACTRIS and beyond. By providing an open, rule-based and FAIR-compliant pipeline that opera-25

tionalises existing QA/QC guidance, it offers a concrete path towards harmonised, real-time quality assurance for aerosol
optical time series and thereby supports AI-ready data streams for downstream applications such as environmental digital
twins and decision-support systems.

8 Conclusions

This study presents, to our knowledge, the first openly documented, fully automated and real-time-capable quality control30

(QC) workflow for time series from AE33 Aethalometers and Aurora 4000 nephelometers operated at ACTRIS stations.
Building on the generic SaQC framework (Section 4.1) and implemented via the ACTRIS-specific actris_qc Python
package (Section 4.2), the workflow translates narrative QA/QC guidance from ACTRIS, GAW and regulatory frameworks
into an explicit, executable and versioned rule set. It is tailored to ACTRIS station operation but remains sufficiently generic
to be transferred to other networks and instruments.35

Following the three-stage pipeline described in Section 5.1 (Fig. 5), using an anomaly catalogue compiled from two years
of TROPOS urban data, we manually tuned and optimised the SaQC operators so that the workflow robustly identifies typical
artefacts – including outliers, enhanced noise, plateaus, implausible ranges and device events – while preserving genuine
atmospheric variability. Application to the independent Melpitz dataset shows that the same configuration can be transferred40

across stations with only minor, configuration-level adaptations, confirming its robustness under different environmental and
noise conditions.

For the selected anomaly periods, approximately 24 % of Aethalometer records and 4 % of nephelometer measurements
at TROPOS, and 15 % and 3 %, respectively, at Melpitz were flagged as DOUBTFUL or BAD, while the majority of data45

points remained unflagged and thus valid. Computational performance is sufficient for near-real-time operation: multi-week
segments with O(105) records can be processed through all QC stages in a few minutes on standard hardware, and typical
multi-day windows require only a few tens of seconds. This makes it feasible to run the workflow operationally at ACTRIS
stations and to reprocess historical archives under updated configurations.

50

Beyond its performance, the workflow offers several qualitative advantages. It provides an objective, rule-based alternative
to manual inspection, with every QC decision traceable to specific tests and parameters. Once parameterised, the same rule
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set can be applied consistently across datasets, and subsequent adjustments can be propagated retrospectively, ensuring
reproducible and transparent reprocessing. The modular design of actris_qc, which separates generic SaQC operators
from instrument-specific configurations and data-access routines, facilitates extension to additional devices and networks with
limited additional implementation effort. By integrating device-specific rules and derived diagnostics such as AAE and SAE
into a single framework, the workflow captures both direct and more subtle anomalies without relying on external reference 5

data or complex multi-sensor constellations.

A further outcome of this work is the generation of labelled, AI-ready datasets. The QC flags and their explicit provenance
can be used directly for resampling, filtering and uncertainty-aware analyses, and they provide training and validation data for
future machine-learning-based QC approaches, including graph-based methods for multivariate sensor networks. In this way, 10

the workflow not only stabilises current operational data streams but also prepares the ground for advanced applications such
as gap filling, data assimilation and environmental digital twins.

At the same time, the presented solution is not intended to replace existing QA/QC practices but to complement them as a
standardised first step on level-0/1 time series. It delivers a clean and well-documented basis for subsequent instrument-specific 15

corrections, long-term consistency checks, source apportionment and network-wide analyses, and it makes the station-level
responsibility for data screening operational in a reproducible way. Future work will focus on extending actris_qc to
additional instruments (e.g. other absorption photometers, extinction instruments and regulatory PM analysers), broadening
the anomaly catalogue across more ACTRIS sites and climatic regimes, and exploring hybrid schemes in which rule-based
QC and interpretable machine-learning methods jointly address complex or previously unseen anomaly patterns. 20

Overall, the QC workflow developed here establishes a reproducible, interpretable and efficient foundation for high-quality
aerosol measurements in ACTRIS and beyond. By providing an open, rule-based and FAIR-aligned pipeline that opera-
tionalises existing QA/QC guidance, it offers a concrete path towards harmonised, real-time quality assurance for aerosol
optical time series and towards robust, AI-ready data streams for the next generation of atmospheric research and decision- 25

support systems.

Code and data availability. The Python package actris_qc is hosted on Helmholtz GitLab
(https://codebase.helmholtz.cloud/qc-of-atmospheric-time-series/actris-quality-control) and
is archived on Zenodo (Houben et al., 2026b). The data sets and associated quality-control outputs presented in this work, including flags
(CSV), logs (TXT) and diagnostic figures (PNG), are available via Zenodo (Houben et al., 2026a). 30
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Figure B1. left: Binned correlation of equivalent black carbon eBC of the first channel and attenuation of spot 1 including error of standard
deviation for each bin, mid: Histogram of attenuation values, right: Histogram of eBC values. (a) TROPOS measurement site for ebc of
first channel, (b) TROPOS measurement site for ebc of sixth channel, (c) Melpitz measurement site for ebc of first channel, (d) Melpitz
measurement site for ebc of sixth channel.

The scientific results have been computed at the High-Performance Computing (HPC) Cluster EVE, a joint effort of both the Helmholtz
Centre for Environmental Research - UFZ and the German Centre for Integrative Biodiversity Research (iDiv) Halle-Jena-Leipzig.
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Parts of the python code has been generated by large language models (LLM) via prompts and was further manually adapted and checked.
The language of the manuscript was partially improved using LLMs, however, no content generated by these tools was incorporated without
careful review and verification.
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Valentini, S., and Pandolfi, M.: Determination of the multiple-scattering correction factor and its cross-sensitivity to scattering and wave-
length dependence for different AE33 Aethalometer filter tapes: a multi-instrumental approach, Atmospheric Measurement Techniques,
14, 6335–6355, https://doi.org/10.5194/amt-14-6335-2021, 2021. 40

Zacharias, S., Loescher, H. W., Bogena, H., Kiese, R., Schrön, M., Attinger, S., Blume, T., Borchardt, D., Borg, E., Bumberger, J., Chwala,
C., Dietrich, P., Fersch, B., Frenzel, M., Gaillardet, J., Groh, J., Hajnsek, I., Itzerott, S., Kunkel, R., Kunstmann, H., Kunz, M., Liebner,
S., Mirtl, M., Montzka, C., Musolff, A., Pütz, T., Rebmann, C., Rinke, K., Rode, M., Sachs, T., Samaniego, L., Schmid, H. P., Vogel,
H.-J., Weber, U., Wollschläger, U., and Vereecken, H.: Fifteen Years of Integrated Terrestrial Environmental Observatories (TERENO)
in Germany: Functions, Services, and Lessons Learned, Earth’s Future, 12, e2024EF004 510, https://doi.org/10.1029/2024EF004510, 45

e2024EF004510 2024EF004510, 2024.
Zhao, W., Tan, W., Zhao, G., Shen, C., Yu, Y., and Zhao, C.: Determination of equivalent black carbon mass concentration from

aerosol light absorption using variable mass absorption cross section, Atmospheric Measurement Techniques, 14, 1319–1331,
https://doi.org/10.5194/amt-14-1319-2021, 2021.

Zheng, H., Kong, S., Ding, D., Savadkoohi, M., Song, C., Zheng, M., and Harrison, R. M.: Black carbon aerosols in China: spatial- 50

temporal variations and lessons from long-term atmospheric observations, Atmospheric Chemistry and Physics, 25, 16 363–16 386,
https://doi.org/10.5194/acp-25-16363-2025, 2025.

Zibordi, G., D’Alimonte, D., and Kajiyama, T.: Automated Quality Control of AERONET-OC LWN Data, Journal of Atmospheric and
Oceanic Technology, 39, 1961 – 1972, https://doi.org/10.1175/JTECH-D-22-0029.1, 2022.

https://doi.org/10.5194/egusphere-2026-235
Preprint. Discussion started: 13 March 2026
c© Author(s) 2026. CC BY 4.0 License.



36 Timo Houben: Automated QC of atmospheric time series

Table 1. Table listing selected time ranges where certain instrument anomalies were identified. Each anomaly comprises data for both
instruments, even though the anomalies appeared only for one of them.

ID Description Short Description Instrument Site Start Time End Time
bc1 drop and constants constant drop in data Aethalometer TROPOS 2022-09-29 00:00:00 2022-10-01 00:00:00
bc2 drop and constants 2 extended constant drop

in data
Aethalometer TROPOS 2022-10-01 00:00:00 2022-10-04 00:00:00

bc3 outliers outliers in measure-
ments

Aethalometer TROPOS 2022-10-07 00:00:00 2022-10-08 00:00:00

bc4 outliers extended outliers in
data

Aethalometer TROPOS 2024-01-10 00:00:00 2024-01-20 00:00:00

bc5 noise high noise levels Aethalometer TROPOS 2024-01-10 00:00:00 2024-01-29 00:00:00
bc6 rh inlet anomaly in rh_inlet

readings
Aethalometer TROPOS 2024-01-10 00:00:00 2024-02-26 00:00:00

bc7 noise noise at the beginning,
then normal signal

Aethalometer TROPOS 2024-01-01 00:00:00 2024-01-30 00:00:00

ls1 long period long period signal with
multiple anomalies

Nephelometer TROPOS 2024-01-17 00:00:00 2024-03-01 00:00:00

ls3 drop and constants short constant flag pe-
riod

Nephelometer TROPOS 2022-05-25 00:00:00 2022-05-26 00:00:00

ls4 range short range flag Nephelometer TROPOS 2022-05-25 00:00:00 2022-05-26 00:00:00
ls5 drops, outliers outlier period Nephelometer TROPOS 2024-02-25 00:00:00 2024-02-29 00:00:00

bc1-mel constant constants Aethalometer Melpitz 2024-11-30 00:00:00 2024-12-02 00:00:00
bc2-mel peaks some reasonable peaks

in that time range
Aethalometer Melpitz 2024-11-09 16:00:00 2024-11-10 01:00:00

bc3-mel noise parts with higher and
parts with lower noise

Aethalometer Melpitz 2024-11-20 00:00:00 2024-11-23 00:00:00

bc4-mel peaks peaks with some unrea-
sonable low areas

Aethalometer Melpitz 2024-11-30 06:00:00 2024-12-02 18:00:00

bc5-mel peaks high peaks with high
background

Aethalometer Melpitz 2024-12-27 12:00:00 2024-12-30 12:00:00

ls1-mel peaks-flats peaks with flats and
constants

Nephelometer Melpitz 2024-11-09 14:00:00 2024-11-10 04:00:00

ls2-mel outlier a single outlier sur-
rounded by little back-
ground noise and in-
creasing noise after it

Nephelometer Melpitz 2024-11-29 00:00:00 2024-11-30 00:00:00

ls3-mel outlier-and-flats high outlier with flats
a few hours earlier and
later

Nephelometer Melpitz 2024-12-04 00:00:00 2024-12-06 00:00:00

ls4-mel signal-and-flats a reasonable signal and
some flats once each
day after

Nephelometer Melpitz 2024-12-17 00:00:00 2024-12-20 12:00:00

ls5-mel system-start system start up with dif-
ferent states following
normal operation

Nephelometer Melpitz 2025-01-30 14:00:00 2025-01-30 16:00:00

ls6-mel peaks some reasonable peaks
and flats after

Nephelometer Melpitz 2025-02-16 12:00:00 2025-02-17 04:00:00

ls7-mel outlier-and-signal a very high outlier fol-
lowed by a single a few
days later

Nephelometer Melpitz 2025-03-05 00:00:00 2025-03-13 00:00:00

ls8-mel system-failure-to-outlier system was down then
an outlier appeared af-
ter back to operation

Nephelometer Melpitz 2025-04-14 00:00:00 2025-04-14 21:00:00

https://doi.org/10.5194/egusphere-2026-235
Preprint. Discussion started: 13 March 2026
c© Author(s) 2026. CC BY 4.0 License.



Timo Houben: Automated QC of atmospheric time series 37

Ta
bl

e
2.

O
ve

rv
ie

w
of

se
le

ct
ed

an
om

al
ie

s
fo

rb
ot

h
m

ea
su

re
m

en
ts

ite
s

an
d

in
st

ru
m

en
ts

.F
or

ea
ch

ca
se

,t
he

nu
m

be
ro

fd
at

a
po

in
ts

,r
eq

ui
re

d
Q

C
tim

e
an

d
re

su
lti

ng
fla

gs
ar

e
lis

te
d.

ID
Si

te
A

et
ha

lo
m

et
er

(A
E

33
)

N
ep

he
lo

m
et

er
(A

ur
or

a
40

00
)

N
o.

da
ta

po
in

ts
Q

C
tim

e
[s

]
B
A
D

D
O
U
B
T

G
O
O
D

N
o.

da
ta

po
in

ts
Q

C
tim

e
[s

]
B
A
D

D
O
U
B
T

G
O
O
D

bc
1

T
R

O
PO

S
2

27
9

33
42

3
43

1
81

3
13

05
8

9
25

7
61

12
74

0
bc

2
T

R
O

PO
S

4
33

6
39

14
8

53
4

13
5

25
81

5
11

47
1

90
25

25
4

bc
3

T
R

O
PO

S
1

45
8

33
16

7
16

1
27

5
8

60
3

7
12

7
30

8
44

6
bc

4
T

R
O

PO
S

12
21

3
47

74
2

11
10

3
36

8
21

23
8

11
83

2
77

20
32

9
bc

5
T

R
O

PO
S

24
43

0
75

1
41

5
11

18
5

11
83

0
93

83
0

24
3

41
0

30
2

90
11

8
bc

6
T

R
O

PO
S

99
99

8
59

1
4

17
1

12
72

1
83

10
6

32
7

05
9

25
3

11
27

6
1

14
0

31
4

64
3

bc
7

T
R

O
PO

S
25

68
0

25
7

1
50

1
11

20
0

12
97

9
10

1
76

4
94

3
65

2
33

2
97

78
0

ls
1

T
R

O
PO

S
10

1
79

7
18

7
4

62
1

8
82

2
88

35
4

36
1

36
4

78
12

33
9

1
26

0
34

7
76

5
ls

3
T

R
O

PO
S

73
4

29
1

0
73

3
8

53
1

8
25

0
30

8
25

1
ls

4
T

R
O

PO
S

73
4

29
1

0
73

3
8

53
1

8
25

0
30

8
25

1
ls

5
T

R
O

PO
S

5
80

9
43

38
0

54
5

37
5

34
35

7
13

1
17

1
12

0
33

06
6

bc
1-

m
el

M
el

pi
tz

17
27

3
10

9
17

27
3

0
0

17
26

5
32

23
0

60
16

97
5

bc
2-

m
el

M
el

pi
tz

3
23

9
93

51
1

84
2

64
4

3
23

6
22

11
6

17
7

2
94

3
bc

3-
m

el
M

el
pi

tz
25

88
9

12
0

25
13

4
0

75
5

25
89

2
38

34
4

90
25

45
8

bc
4-

m
el

M
el

pi
tz

21
58

1
11

4
21

58
1

0
0

21
57

4
35

23
0

60
21

28
4

bc
5-

m
el

M
el

pi
tz

25
89

3
12

2
3

45
3

56
7

21
87

3
25

90
6

38
34

8
90

25
46

8
ls

1-
m

el
M

el
pi

tz
5

03
6

94
86

6
13

6
4

03
4

5
03

3
23

11
6

17
7

4
74

0
ls

2-
m

el
M

el
pi

tz
8

63
8

10
3

8
63

8
0

0
8

63
2

25
11

5
30

8
48

7
ls

3-
m

el
M

el
pi

tz
17

26
3

11
8

17
26

3
0

0
17

26
2

31
34

8
90

16
82

4
ls

4-
m

el
M

el
pi

tz
30

20
6

13
6

4
09

2
1

31
0

24
80

4
30

20
9

44
50

3
12

6
29

58
0

ls
5-

m
el

M
el

pi
tz

53
1

87
82

30
41

9
70

1
19

27
7

11
41

3
ls

6-
m

el
M

el
pi

tz
5

75
3

31
40

8
76

5
26

9
5

75
3

7
11

5
30

5
60

8
ls

7-
m

el
M

el
pi

tz
68

13
3

59
7

74
2

1
35

6
59

03
5

68
92

0
20

1
04

5
24

7
67

62
8

ls
8-

m
el

M
el

pi
tz

3
06

1
28

1
03

9
79

1
94

3
3

84
5

6
18

7
26

3
63

2

https://doi.org/10.5194/egusphere-2026-235
Preprint. Discussion started: 13 March 2026
c© Author(s) 2026. CC BY 4.0 License.



38 Timo Houben: Automated QC of atmospheric time series

Table A1. Table of configured SaQC tests and their parameterization for the AE33 Aethalometers data.

Variable SaQC Test Label and Configuration Flag
DEVICE CONTROL VARIABLES
flow_1 flagRange BAD:flagRange: flow_1 < 3.7 or flow_1 > 4.05 BAD
flow_2 flagRange BAD:flagRange: flow_2 < 0.8 or 1.3 < flow_2 BAD
flow_c flagRange BAD:flagRange: flow_c < 4.8 or flow_c > 5 BAD

flagByScatterLowpass ebc_w1: window=50 min, sub_window=4 min,
thresh=0.11843143248405742,
sub_thresh=0.06125258741743177

DOUBTFUL

status_inst flagGeneric BAD:flagGeneric: status_inst ̸= 0 BAD
rh_inlet flagRange BAD:flagRange: rh_inlet < 0 or rh_inlet > 50 BAD

flagRange DOUBT:flagRange: 40 < rh_inlet < 50 DOUBTFUL
status_valve flagGeneric BAD:flagGeneric: status_valve ̸= 0 BAD

propagateFlags DOUBT:flagPropagate: status_valve bfill 5 min DOUBTFUL
propagateFlags BAD:flagPropagate: status_valve ffill 10 min BAD

status_ctrl flagGeneric BAD:flagGeneric: status_ctrl ̸= 0 BAD
status_det flagGeneric BAD:flagGeneric: status_det ̸= 0 and not 10 BAD
status_led flagGeneric BAD:flagGeneric: status_led ̸= 0 and not 10 BAD
numflag flagGeneric BAD:flagGeneric: numflag ̸= 0 BAD
CHANNEL SPECIFIC VARIABLES
ebc_wx flagByScatterLowpass DOUBT:optimized flagByScatterLowpass: ebc DOUBTFUL

flagConstants BAD:flagConstants: thresh=0.012, window=12 min of {tar-
get}

BAD

flagRange BAD:Range: {target} < -0.075 or {target} > 100 BAD
flagRange DOUBT:Range: {target} < 0.05 or {target} > 50 DOUBTFUL
andGroup BAD:downward-spikes BAD
– flagUniLOF thresh=1.1, n=400
– flagGeneric λx: x < x.rolling(“1H”).mean()

attn_wx_sp1 flagRange BAD:flagRange: {attn_wx_sp1} < 0 or {attn_wx_sp1} >
120

BAD

flagRange DOUBT:flagRange: 80 < {attn_wx_sp1} < 120 DOUBTFUL
DERIVED VARIABLES
AAE flagRange DOUBT:{aae} < 0.6 or {aae} > 2.5 DOUBTFUL
(UVG, GR, UVR) flagRange BAD:{aae} < 0.5 or {aae} > 3.0 BAD

flagGeneric BAD:Discrepancy: UVR + 0.7 < UVG or UVR - 0.7 > GR BAD
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Table A2. Table of configured SaQC tests and their parameterization for the Aurora 4000 Nephelometer data.

Variable SaQC Test Label and Configuration Flag
DEVICE CONTROL VARIABLES
rh_int flagRange BAD:flagRange: rh_int < 0 or rh_int > 50 BAD

flagRange DOUBT:flagRange: 40 < rh_int < 50 DOUBTFUL
state_dio flagGeneric BAD:flagGeneric: state_dio ̸= 0 and not 7 BAD
state_major flagGeneric BAD:flagGeneric: state_major ̸= 0 BAD

DOUBT:flagPropagate: state_major bfill 5 min DOUBTFUL
BAD:flagPropagate: state_major ffill 20 min BAD

pres_int flagRange BAD:flagRange: pres_int < 950 or pres_int > 1030 BAD
temp_int flagRange BAD:flagRange: 233.15 < temp_int < 313.15 BAD
CHANNEL SPECIFIC VARIABLES
sca (450, 525, 635) flagConstants BAD:flagConstants: thresh=0.012, window=12 min of {tar-

get}
BAD

flagRange BAD:flagRange: {targets} < 0 or {targets} > 20000 BAD
flagRange DOUBT:flagRange: 0.05 < {targets} < 6000 DOUBTFUL
flagByScatterLowpass sca450: window=22 min, sub_window=5 min,

thresh=25.735605807619283,
sub_thresh=20.09818377471357

DOUBTFUL

DERIVED VARIABLES
SAE (BG, GR, BR) flagRange BAD:{sae} < 0 or {sae} > 3.5 BAD

flagGeneric BAD:Discrepancy: BR + 1.0 < BG or BR - 1.0 > GR BAD
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