


Graphical abstract:

1. Introduction

The Earth’s atmosphere sustains a persistent vertical electric field, globally maintained by the Global 
Atmospheric Electric Circuit (GAEC). This system can be conceptualized as a planetary-scale capacitor, 
with the conductive Earth surface and the ionosphere acting as electrodes, separated by a weakly 
conducting atmosphere. Thunderstorms and electrified clouds serve as current sources, injecting positive 
charge upward, while under fair weather conditions, this charge returns gradually to the surface as a 
downward current that completes the global circuit (Wilson, 1921; Whipple, 1929; Rycroft et al., 2000).

A key observable manifestation of the GAEC at the ground is the atmospheric potential gradient (PG), 
which represents the vertical atmospheric electric field. Following the conventional sign convention of 
atmospheric electricity, the potential gradient is defined as PG = -Ez where Ez is the vertical component 
of the field, taken as positive upward. Under this convention, a positive PG corresponds to an increase of 
electric potential with height (Chalmers, 1954). Hereafter, ground-based measurements of the atmospheric 
electric field are referred to in terms of the PG. In the late 1920s, ocean-based measurements were 
conducted by the Carnegie Institute. These campaigns revealed a remarkably consistent diurnal variation 
in the PG across different oceanic regions, a pattern now known as the Carnegie curve (Harrison, 2013). 
Under fair-weather conditions over the oceans, PG exhibits stable positive values of the order of 10² V/m, 
as established by the Carnegie expedition measurements (Mauchly, 1923). Because these measurements 
were taken far from local pollution sources, the Carnegie curve remains the global reference for 
undisturbed fair weather PG behavior. However, ground-level PG measurements are highly sensitive to 
local disturbances, including meteorological variability and pollution-related aerosol loading.

A key factor mediating this sensitivity is the structure of the atmospheric boundary layer, commonly 
characterized by its height (BLH), which defines the effective dilution volume for aerosols and trace gases 
and controls the degree of coupling between surface measurements and the overlying atmosphere 
(Kotthaus et al., 2023).

At continental and urban sites, numerous studies have confirmed that PG responds not only to 
meteorological disturbances such as precipitation, wind, and cloud cover (Bennett and Harrison, 2007; 
Karagioras and Kourtidis, 2021), but also to anthropogenic emissions. In the UK, Wright et al. (2019) found 
a positive relationship between PG and aerosol loading expressed in terms of particle number 
concentration rather than mass-based PM metrics during pollution events. More recently, Yaniv et al. 
(2026) demonstrated in the Tel Aviv metropolitan area that PG exhibits strong, near-synchronous diurnal 
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Boundary-layer height is not directly observed in this study. Accordingly, references to nocturnal versus 
daytime “regimes” are used in an operational sense to distinguish dynamically stable, weakly ventilated 
conditions from convectively mixed states, rather than to imply explicitly retrieved BLH values. The analysis 
therefore focuses on separating electrically clean fair-weather periods and contrasting night-time 
accumulation versus daytime mixing based on the observed diurnal structure and surface meteorological 
context.

3.3 Construction of Analysis-Specific Subsets

From the general fair-weather hourly dataset, multiple analysis-specific subsets were constructed to 
address distinct scientific objectives. This separation ensures that each analysis is based on data with an 
appropriate level of temporal completeness and statistical robustness, while avoiding unnecessary data 
loss or over-filtering. Figure 4 summarizes the complete fair-weather data filtering workflow and illustrates 
how the different analysis-specific datasets are derived from the same general fair-weather hourly pool.

Figure 4. Workflow illustrating the construction and use of the fair-weather datasets.

3.3.1 Strict Daily Dataset

For analyses requiring strict inter-pollutant comparability at the daily scale, a stringent completeness 
criterion based on full simultaneity was applied. Only hours with simultaneous and valid records from the 
PG sensor and all six pollutant monitors were considered. From this pool, only days with at least 80% data 
coverage, corresponding to a minimum of 20 valid hourly records per day, were retained.

This strict daily dataset (n = 89 days) was used as a reference subset for the computation of daily PG–
pollutant correlation coefficients, the construction of comparative correlation rankings and boxplots, and 
the evaluation of inter-pollutant consistency under fully simultaneous sampling conditions. By enforcing 
this strict completeness requirement, the resulting daily correlations are not affected by uneven temporal 
sampling or differential data availability across pollutants.

To assess the robustness of the inferred hierarchy, extended daily datasets were constructed by relaxing 
the simultaneity requirement while retaining the same hourly fair-weather filtering and daily completeness 
threshold. These extended daily datasets substantially increase data availability (approximately 170 to 490 
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concentration as a linear combination of the input features, assuming additive and stationary relationships. 
This approach allows direct assessment of whether the PG–pollutant coupling can be adequately 
represented by a linear response under dynamically stable conditions.

In contrast, the RF model is an ensemble-based, non-parametric method that constructs a large number 
of decision trees using bootstrap sampling and random feature selection, and aggregates their predictions 
to reduce variance and improve generalization. RF can capture non-linear responses, interaction effects 
between predictors, and regime-dependent behavior without imposing an explicit functional form.

Physically, the interaction between aerosol concentration, near-surface ion balance, and atmospheric 
conductivity is expected to exhibit non-linear behavior due to ion attachment processes and saturation 
effects, as established in theoretical frameworks (Harrison & Carslaw, 2003).

Recent comprehensive reviews have shown that ensemble-based methods often outperform linear models 
and can achieve accuracy comparable to deep learning approaches when interpretability and robustness 
are required, particularly in station-based air-pollution applications (Karmoude et al., 2025; Peng et al., 
2024). Within the broader context of data-driven air-pollution modeling, Bernacki and Scherer (2025) 
identify Random Forest as a reliable baseline for complex environmental datasets, supporting its use here 
as a reference non-linear model for atmospheric electrical proxies.

To evaluate the regime dependence of PG-based predictability, the ML analysis was performed under two 
predefined temporal windows representing contrasting boundary-layer dynamical conditions: a stable 
nocturnal period (UTC 00–12) and the full diurnal cycle (UTC 00–23). The dataset was split chronologically 
using a cut-off date of 1 January 2023. All data prior to this date were used for training, while all data from 
this date forward were used for testing, ensuring that model performance was evaluated under unseen 
and more recent conditions. Standard regression metrics were adopted for evaluation, including the 
coefficient of determination (R²) and the mean absolute error (MAE). The RF hyperparameters were set 
empirically for the comparison.

Based on established boundary-layer theory and previous atmospheric electricity studies, model 
performance is expected to degrade during periods of enhanced turbulent mixing, when the physical 
coupling between the PG and pollutant concentrations weakens. More generally, recent reviews 
emphasize that the performance of machine-learning models for air-pollution prediction is strongly regime-
dependent, varying with season, location, and concentration levels (Peng et al., 2024).

4. Results

4.1 Data quality and wind-field influence

The multi-stage filtering process described in the methodology defines the data basis for all subsequent 
analyses. Here, we quantify its impact on data availability over the study period, which spans from 
February 2018 to December 2024. After enforcing data simultaneity across all seven instruments, a total 
of 18,843 valid hourly records (~785 days in purely hourly terms) were retained. Application of the fair-
weather classification reduced this pool by 34%, yielding a general fair-weather dataset of approximately 
12,417 hours (~517 equivalent days). This flexible fair-weather hourly dataset constitutes the primary data 
basis for most analyses presented in this study, including hourly correlations, diurnal and seasonal 
variability, case studies, and machine learning applications. From this dataset, the daily completeness 
criterion resulted in a stricter subset of 89 days used specifically for daily-scale correlation analyses. 
Figure 5 visually summarizes the impact of the fair-weather filtering on data availability, showing the daily 
fraction of retained (blue) and filtered-out (red) data over the study period.

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=6248504

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed


















































































































