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Abstract The electrical network frequency (ENF) of the alternating current operated on the power grid
is a well-known source of noise in digital recordings. The noise is widespread and appears not just in close
proximity to high-voltage power lines, but also in instruments simply connected to the mains powers grid.
This omnipresent, anthropogenic signal is generally perceived as a nuisance in the processing of geophysical
data. Research has therefore been mainly focused on its elimination from data, while its benefits have gone
largely unexplored. It is shown that mHz fluctuations in the nominal ENF (50/60 Hz) induced by variations
in power usage can be accurately extracted from geophysical data. This information represents a persistent
time-calibration signal that is coherent between instruments over national scales. Cross-correlation of re-
liable reference ENF data published by electrical grid operators with estimated ENF data from geophysical
recordings allows timing errors to be resolved at the 1 s level. Furthermore, it is shown that a polarization
analysis of particle motion at the ENF can detect instrument orientation anomalies. While the source of the
ENFsignal in geophysical dataappears instrumentandsite specific, its general utility in thedetectionof timing
and orientation anomalies is presented.

1 Introduction
Sustaining reliable and continuous operation of instru-
ments in the field is a key objective in the maintenance
of geophysical monitoring infrastructures. This objec-
tive is particularly challenging for remote deployments,
and equipment that cannot easily be accessed, e.g., for
sensors buried at depth inside seismic boreholes. Ac-
tive assessments that involve station maintenance vis-
its are costly, time-consuming, and require perpetual
planning and effort. Methods for passive quality assess-
ment are often pursued due to their advantages in terms
of scalability and reduced cost (McNamara and Boaz,
2006; Ahern et al., 2015; Ringler et al., 2015; Trani et al.,
2017; Petersen et al., 2019; Pedersen et al., 2020; Koy-
mans et al., 2021). Moreover, such passive techniques
do not disturb themeasurement setup itself andmay be
useful in, e.g., citizen science (Raspberry Shake, S.A.,
2016) where the acquisition of high quality data can not
be guaranteed. In the casewhere correction factors can
be estimated, they can also be retroactively applied to
an archived dataset. Data assessment is not exclusively
useful to science, but also serves a purpose to detectma-
licious actors and data tampering that is critical in, e.g.,
the verification of the Comprehensive Nuclear-Test-Ban
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Treaty (Coyne et al., 2012).

Geophysical data may express characteristic spec-
tral peaks that emerge from the electrical network fre-
quency (ENF) of the alternating current (AC) operated
on the electrical grid. This signal is sometimes referred
to as powerline noise, but notably does not appear exclu-
sively near high voltage power lines and is widespread.
The signal is omnipresent in recordings from, e.g., seis-
mometers (Bormann and Wielandt, 2013), gravimeters
(Imanishi et al., 2022; Křen et al., 2021), microbarom-
eters, and other digital instruments that are connected
to or deployed near any type of electrical infrastructure
or mains power supply. The ENF signal is usually per-
ceived as a nuisance during the processing of geophys-
ical data, and research has mainly been targeting its
elimination (Butler and Russell, 1993; Xia and Miller,
2000; Levkov et al., 2005). For most purposes, the ap-
plication of a narrow band-stop (notch) filter is suffi-
cient to remove the signal. However, ringing artefacts,
higher harmonics, or overlap with the bandwidth of in-
terest sometimes makes the application of such filters
impractical. For example, in seismoelectric acquisition
and seismic exploration, advanced methods for the re-
moval of coherent electrical noise are applied (Butler
and Russell, 1993, 2003). While methods to eliminate
the ENF signal from geophysical data are well known,
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the benefits of its presence are rarely explored. This
study approaches the ENF from a different perspective,
and demonstrates its utility as a signal in geophysics.
In this manuscript, two benefits of detecting the ENF

in geophysical data are explored and used as passive
quality assessment tools. First, the background infor-
mation on the ENF is described (section 2), followed
by an introduction of the data sets that are used (sec-
tion 3.1). After that, the methodologies are described
to (i) extract the ENF signal from spectrograms of geo-
physical data (section 3.2) and compute cross corre-
lations (section 3.3), and (ii) complete a polarization
analysis of the particle motion around the ENF (sec-
tion 3.4). Results from cross correlations between
spectrogram-estimated and reference ENF data are pre-
sented, demonstrating that timing errors with a reso-
lution near the 1 s level can be resolved and verified
(section 4.1). The accuracy of the recovered timing dis-
crepancies are statistically quantified (section 4.2.1) and
checked using teleseismic arrivals (section 4.2.2) that
should be observed simultaneously on stations in close
proximity, providing an alternativeway of detecting rel-
ative time shifts. Results from the polarization analysis
indicate that the method is capable of detecting gross
sensor orientation anomalies (section 4.3). Finally, the
source of the ENF signal in different geophysical instru-
ments is discussed, and comments are provided on pos-
sible future avenues of research (section 5).

2 Background

2.1 Electrical Network Frequency

An abridged description of the electrical grid concerns
power generators that supply electrical energy to con-
sumers. Conceptually, generators are rotating turbines
with magnetic cores that induce AC in coils following
Faraday’s law of electromagnetic induction. All gener-
ators on the grid collectively produce synchronous AC,
with waveforms that are equal in amplitude, phase, and
frequency. Because the electrical energy produced by
the generators cannot be stored it must be immediately
consumed, requiring a delicate balance between pro-
duction and demand. At an instant when more energy
is consumed than produced, the required excess power
is drawn from the rotational inertia of the generators.
This synchronously reduces the rotation speed of the
generators on the grid, and subsequently lowers the ef-
fective ENF. Likewise, a sudden decrease in load causes
the turbines to spin faster, leading to an increase of the
ENF. Electrical grid operators balance the amount of
electrical work done by the generators with the demand
of consumers to keep the ENF stable at 50 Hz for con-
tinental Europe and 60 Hz for the United States. This
balance is diligently maintained, and operational pro-
cedures are in place to limit deviations from the target
ENF to within 10 to 50 mHz.
All electrical components – including geophysical in-

struments – are to some degree susceptible to the sec-
ondary effects of the AC operated on the electrical grid
(fig. 1). Signals may be incurred from stray electromag-
netic fields that are emitted from nearby current carry-

ing wires and operating electronics. Common sources
of the ENF signal being carried over in electric de-
vices are through ground loops, and by direct electro-
magnetic induction of poorly shielded wires and cir-
cuitry. Magnetostriction in transformers (Gange, 2011)
and full-bridge rectifiers (AC → DC) in power supplies
mayproduce vibrations and audible sound at double the
ENF. The well-known audible sound originating from
the ENF is commonly referred to as mains hum. In
broadband seismometers, a known coupling mecha-
nism is through the suspension spring that responds
to changing magnetic fields (Forbriger, 2007). Intense
changingmagnetic fieldsmay even cause thehousing of
instruments to vibrate (Klun et al., 2019). At frequencies
above the operated ENF, overtones at integer multiples
of the ENF can sometimes be observed (Cohen et al.,
2010; Schippkus et al., 2020).

Transformer
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Acoustic Array
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Geophones
EM Pickup

Accelerometers
Housing Vibration

Powerline
EM + Acoustic

Power
Supply

Corona Discharge 
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EM Pickup + Vibrations

Medium-V 
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Figure 1 Overview of suspected sources of the ENF sig-
nal in geophysical data where the colors represent elec-
tromagnetic (red/blue), acoustic (grey), and seismic (black)
coupling. The coupling mechanism varies between instru-
ments and installation site. The signal may be coupled
through physical vibrations, acoustic waves, or by direct
magnetic induction.

While the ENF signal is typically of minor influence,
equipment that integrates amplifiersmay boost it to sig-
nificant amplitudes. While the source of the ENF signal
in high gain equipment is not always directly apparent
from its surrounding, its persistence and omnipresence
remains remarkable.

2.2 ENF Analysis
ENF analysis typically concerns the detection of mHz
variations of the ENF in digital recordings as a func-
tion of time, of which an example is illustrated in fig. 2.
These variations can be extracted from, e.g., audio
(Cooper, 2008), optical (Garg et al., 2011), and geophysi-
cal data (Cohen et al., 2010). Because the AC is operated
synchronously and uniformly on the electrical grid, dig-
ital recordings of the ENF represent a fingerprint that
is coherent nationwide and, because of effectively ran-
dom load fluctuations, represents a signal that is unique
in time. The estimated variations in the ENF from dig-
ital recordings may thus be compared to an indepen-
dent reliable reference measurement of the ENF that is
provided by electrical grid operators. Such analysis of
the ENF has been used to timestamp audio recordings
(Garg et al., 2012) and confirm the authenticity of digital
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records. The successful use of ENF analysis as forensic
evidence (Cooper, 2010) is a testament to the effective-
ness and reliability of the technique.
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Figure 2 Example ofminormHz variations in the ENFdur-
ing two minutes on Jan 13th, 2020 around the nominal Eu-
ropean grid frequency of 50 Hz (grey dashed line). These
data were not recorded by a geophysical instrument but
illustrate reference ENF data that were downloaded from
electrical grid operator TransnetBW. The raw data are plot-
ted in blue, with a smoothed 150 s moving average illus-
trated in green.

3 Methodology

3.1 Instruments and Data Used

Various data types from different sensors are analysed
in order to study the specific character of the ENF in
these instruments. Data from the Netherlands Seis-
mic and Acoustic Network (KNMI, 1993) and E-TEST
temporary deployment (Shahar Shani-Kadmiel et al.,
2020) (fig. 3 and table 1) are treated. The G-network of
the Netherlands Seismic and Acoustic Network (NSAN)
consists of nearly seventy 200 m deep boreholes in the
Groningen province with geophones installed at 50 m
depth intervals, and an accelerometer located at the
surface. Data from the NSAN that belong to a low-
frequency acoustic array installed at the Royal Nether-
lands Meteorological Institute in De Bilt (see supple-
mentary information), and seismo-acoustic arrays at
LOFAR sites in Drenthe are also analysed. The E-
TEST temporary deployment consists of a dense array
of battery-operated surface geophones located in the
south of the province of Limburg without amain power
supply.

3.2 Spectrogram Calculation and ENF Esti-
mation

Independent ENF reference measurements at 1 Hz are
universally accessible and downloaded from, e.g., the
power-grid frequency database (Gorjão et al., 2020) and
the website of TransnetBW GmbH. In this manuscript,
ENFmeasurements from a German provider were used

–data that are synchronouswith the electrical grid oper-
ated in the Netherlands. The reference ENF data were
smoothed using a centered moving average filter over
150 s (e.g., see fig. 2).
Geophysical data from the instruments summarised

in table 1 were pre-processed using ObsPy (Beyreuther
et al., 2010) (read and merged) and spectrograms were
calculated using the SciPy spectrogram method (Virta-
nen et al., 2020) with a segment length of 150 s, em-
ploying a 50 % overlap between consecutive segments.
It was determined empirically that this segment length
provided the most effective trade-off in resolution be-
tween time and frequency to resolve the ENF from the
spectrograms. A linear trend was removed from each
segment and the data were tapered using a cosine win-
dow with a shape parameter of 0.25. A Gaussian filter
was applied in the frequency domain before the ENF
was estimated from the spectrogram. This filter repre-
sents themean and standard deviation of the yearly ENF
signal (N50(µ, σ) = 50.000 Hz, 441 × 10−4 Hz), and elimi-
nates peaks in the spectrogram that are likely unrelated
to the ENF. For each segment, the estimated ENF is rep-
resented by the frequency bin that associates with the
maximum PSD within the 49.85 to 50.15 Hz band. An
identical approach (with modified filter Nf ) was used
for the extraction of overtones of the ENF in higher fre-
quency bands (e.g., at 100 Hz).

3.3 Cross-Correlation Analysis

The estimated variations in the ENF were interpolated
to 1 s and cross-correlated with independent reference
ENF data. A negative delay from the cross-correlation
result implies that the reference signal leads the esti-
mated ENF and is therefore behind true time. A statisti-
cal analysis of the accuracy and precision of themethod
was completed using an ensemble of cross correlations
from instruments that are known to have zero time de-
lay. The accuracy of the method and the recovered
timing errors were further verified at a seismic array
using teleseismic arrivals from an event near the Ker-
madec Islands, NewZealand (2021-03-04T19:28:33UTC).
Because the teleseismic arrivals are characterised by a
near vertical incidence angle, the arrival times for prox-
imal stations are expected to be similar, providing an al-
ternative relative timing reference to compare against
the obtained ENF analysis results.

3.4 ENF Polarization Analysis

Another independent aspect where the ENF signal can
be leveraged is for surface accelerometers in the G-
network that express a significant and strongly po-
larized susceptibility to the ENF. Accelerometer data
were rotated towards a north-east orientation follow-
ing the azimuth provided by the station metadata. The
polarized ENF signal was isolated with a zero-phase
band-pass filter between 49.85 to 50.15 Hz. A princi-
pal component analysis (PCA) was applied to the three-
dimensional particle motion data and eigenvalues (λ1,
λ2, λ3) were recovered, from which the degree of recti-
linearity (Jurkevics, 1988) was calculated:
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Sensor Description Network Sampling Rate
SM6H Borehole geophone G-network (NL) 200
Kinemetrics EpiSensor (ES-T) Strong-motion accelerometer G-network (NL) 200
SM-6/U-B 4.5Hz 375 Sensor B.V. Geophone LOFAR Array (NL) 250
Hyperion Infrasound Sensor Low-frequency sound microphone De Bilt Array (NL) 500
SENSOR Nederland, PE-6/B, 3C Battery operated geophone E-TEST Deployment (3T) 500

Table1 Descriptionsandcharacteristicsof geophysical instrumentsused for variousaspectsof ENFanalysis that are treated
in thismanuscript andsupplementarymaterial. Instrumentand responsedetails areaccessible fromFDSNwebservices (http:
//rdsa.knmi.nl and http://orfeus-eu.org).

1 −
(

λ2 + λ3

2λ1

)
(1)

The azimuth of the principal direction of motion (θ)
was derived from the largest eigenvector u1, as given by
its north and east components: θ = arctan2(u1N , u1E).
The goal of this method is to investigate whether the
ENF can be used to verify the instrument orientation as
specified in the station metadata.

4 Results

4.1 Timing Errors from ENF Analysis
An example ENF analysis for instrument EpiSensor ac-
celerometer G180 is shown in fig. 4. The figure il-
lustrates the reference variation in the ENF around
50 Hz (A), the raw seismometer spectrogram expressed
in ground acceleration (B), the spectrogram with the
Guassian filter applied (C), and that the ENF can be ac-
curately recovered from the filtered spectrogram (D).
fig. 5 panel A shows the measured and estimated ENF
time series from fig. 4. The curves were vertically dis-
placed from an average of 50 Hz to illustrate their sim-
ilarity. The full cross-correlation of the measured and
estimated ENF is illustrated in panel B and expresses a
peak at a delay of −1 s (C), meaning the instrument ef-
fectively runs behind true time. An identical analysis
for an acoustic station is presented in the supplemen-
tary information because of additional complications
that were encountered.
The presented example result in figs. 4 and 5 illus-

trates the method for a single instrument, but the ap-
proach has been successfully applied to all instruments
in the NSAN network, including surface accelerome-
ters, geophones, and microbarometers. The results in-
dicate that the proposed method appears capable of
detecting misfits between the estimated and reference
ENF in geophysical data, potentially providing a stable
nationwide timing calibration signal.

4.2 Validation of Timing Error Results
In the following sections, two methods are used to as-
sess the precision and accuracy of the proposedmethod
for the detection of timing anomalies.

4.2.1 Resolution of the Method

An estimate of the statistical significance of the recov-
ered time lags is obtained through an ensemble of cross

correlations between the measured and estimated ENF
from all components of 71 surface accelerometers in
the NSAN. These instruments are known to have ac-
curate timestamps because they obtain timing through
GPS and should thus express a zero-second delay from
true time. fig. 6 shows an ensemble of 211 cross cor-
relations with its average and 95 % confidence interval
in blue. The peaks of all cross correlations and recov-
ered time lags are also illustrated by grey markers. Ac-
celerometers for which the ENF could not be resolved
due to poor data quality or elevated noise have been re-
moved from the ensemble. Themajority of instruments
express a lag of −1 s between the estimated and mea-
sured ENF data, while the others express a 0 s time lag
as expected. The confidence interval on the mean time
lag from this ensemble illustrates the estimated accu-
racy and precision of the method at approximately 1 s.
Furthermore, the repeatability of the methodology be-
tween 211 data channels is a testament to its consis-
tency. Theminor stable deviation from the expected de-
lay of zero may be caused by a non-precise or rounded
off timestamp of the ENF data provided by the grid op-
erator.

4.2.2 Verification Using Teleseismic Arrivals

The accuracy of the recovered timing errorswas further
verified using teleseismic arrivals at geophone ENV1
and nearby LOFAR arrays L106 and L208 of the M8.1
earthquake near the Kermadec Islands, New Zealand
that occurred at 2021-03-04T19:28:33 UTC. The first two
rows of fig. 7 show station ENV1 and L2082 at 24 km
and 13 km distance from LOFAR array L106 (bottom 6
rows) respectively. The predicted seismic arrival times
for the PKIKP phase of the event were calculated with
TauPy (Beyreuther et al., 2010) using the IASP91 model
(Kennett and Engdahl, 1991). The left column in fig. 7
shows that the recorded arrivals of the seismic phase of
the original time-series are misaligned. The right pan-
els show the same data shifted by the recovered delay
from the ENF analysis (marked in the top-left corner of
each panel). Geophone ENV1 and LOFAR station L2081
acquire timing through GPS and have near zero delay,
while the L106 geophones express between −21 to −7 s
delays with the reference ENF. This effect is unsurpris-
ing as the instruments use the Network Time Protocol
(NTP) instead of GPS and may experience clock drift
over timewithout a stable internet connection. With the
expected timing corrections applied, the alignment of
the arrivals is vastly improved. The remainingmisalign-
ment may be a consequence of local geology and site-
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Figure 3 Map of the Netherlands showing four groups and locations of geophysical instruments in the field (G-Network –
geophones and surface accelerometers; E-TEST Deployment – battery operated geophone nodes; LOFAR – seismo-acoustic
array; De Bilt – acoustic array). The acoustic instruments are treated in the supplementary material. Further details on the
instruments are provided in Table 1.

response, and the inherent 1 s resolution limit of the
technique. Furthermore, the timing misfits from the
ENF analysis were calculated over 24 h while the timing
error of the L106 array was observed to vary bymultiple

seconds in a day. At the time of the teleseismic arrival,
the ENF delay appeared to be consistently 6 s behind the
reference data for the entire NSAN network. This effect
was corrected in fig. 7 using an average of many GPS
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Figure 4 A) The reference ENF downloaded from thewebsite of TransnetBWGmbH. B) Acceleration spectrogramof EpiSen-
sor NL.G180..HG1 (Groningen, the Netherlands) between 2020-03-01 and 2020-03-02. C) The modified spectrogram using a
simple Gaussian filter. D) The estimated ENF from the filtered spectrogramderived from themaximumPSD of each time seg-
ment.

locked stations.

4.3 Orientation Anomalies fromENFAnalysis

A polarization analysis of the ENF signal was applied
to three-component data from surface accelerometers
in the G-network. A principal component analysis pro-
vides the dominantmodes of variance of these data (i.e.,
the dominant direction of motion), of which an exam-
ple is illustrated for surface accelerometer G450 (fig. 8).
The three-component data are plotted together in three-
dimensional space and the groundmotion (represented
by the position of a virtual particle) is projected onto
three perpendicular two-dimensional slices. The re-
sults show that in the 49.85 to 50.15 Hz frequency band,
the ground motion has a high probability of being on
the colored elliptical path and not outside or inside of
it, where the probability approaches zero.
Because the polarization was observed to be domi-

nantly in the horizontal plane, the recovered azimuths
from the polarization analysis (leftmost panel of fig. 8)
were projected on geographic maps together with open
electrical infrastructure data to identify potential direc-
tional sources of the ENF. It was however not possible
to identify a regional source of the ENF signal such as
medium and high voltage line and transformers. In-
stead, it was considered that for most instruments, lo-

cal electronics inside the instrument’s housing cabinet
may be a more proximal and likely source of the sig-
nal. The cabinets that host both the accelerometers and
electronics in the G-network is shaped like a rectangu-
lar box (ratio 1:3), with the internal setup organised in
a similar fashion for all installations. Azimuths of the
cabinet in the field (parallel with the elongated side)
were estimated from technical drawings. The direction
of polarized motion that is expressed by the accelerom-
eter data appears to be consistent with the azimuth of
the cabinet (fig. 9, left panel), confirming the source of
the ENF is in fact local. The right panel of fig. 9 shows
the misfit between the azimuth of particle motion and
the cabinet orientationplotted against the degree of rec-
tilinearity. Stations that express a lower degree of rec-
tilinearity naturally have a larger variability on the di-
rection of particle motion, resulting in amore probable
angular misfit. The decreased degree of rectilinearity
may be attributed to a diminished source of the ENF or
instrument sensitivity issues, which can be considered
another instrument health metric.
A clear outlier was identified as station G680 marked

in that expresses a 87◦ near perpendicular angular mis-
fitwith a very strong rectilinearity (fig. 9). Itwashypoth-
esised that the instrument was rotated, or that the hor-
izontal components were swapped during instrument
installation. A field visit confirmed that surface ac-
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Figure 5 A) Comparison between the reference ENF (blue) provided by TransnetBW GmbH and the estimated ENF (green).
Note that the data have been offset from themean of 50 Hz for illustrative purposes to show their similarity. B) The full cross
correlation between the estimated and reference ENF. C) Zoom in on the blue span around the correlationmaximum (≈ 0.96)
with the recovered peak and time delay indicated (−1 s).

celerometer G680 was in fact rotated counter-clockwise
by 90◦ and has been corrected since.

5 Discussion
The applied tracing algorithm (fig. 4D) to estimate the
ENF from spectrograms using the maximum PSD per
time bin is simple yet effective. The intensity of the
ENF above ambient noise does not require the use of
advanced track tracing algorithms (e.g., Lampert and
O’Keefe, 2010). For the applications where the ENF
needs to be eliminated from the data, subtraction algo-
rithms (Butler andRussell, 1993, 2003)maybenefit from
using reference ENF data too. This is particularly true
for extremely (ELF) and very low frequency (VLF) radio
data between 300 to 30 000 Hz (Cohen et al., 2010), since
the affected bandwidth of the ENF fluctuations grows
proportionally with higher overtones. With reference
data, the ENF can be specifically targeted and generic
bandstop filters can be avoided.
Cross correlations between estimated and reference

ENF data provide a reliable, passive technique for
the detection of timing anomalies in geophysical data.
However, the limitations of the method are clear: the
reliability of the timing corrections is contingent on the
ability to accurately resolve the ENF signal from the

data, which is not always easily achieved. The expected
precision and accuracy of the technique illustrated in
fig. 6 and reaches approximately 1 s for instruments that
express a high susceptibility to the ENF. By increasing
the sampling resolution of the reference ENF data, time
discrepancies on the sub-second level may potentially
be discovered. During the analysis of the teleseismic
event (fig. 7) it was found that there was a consistent
delay (6 s) with the reference ENF for the entire NSAN.
This delay is not real considering most of the stations
are GPS locked and show 0 s delays during other peri-
ods. It is expected that this effect may be introduced by
poor timing quality of the reference ENF data itself, or
potentially by another unknown cause that needs to be
investigated further. A similar explanation concerning
inaccurate timestamping of the reference ENFdatamay
also explain the skew towards −1 s in fig. 6. It should
be noted that if the absolute timestamp of the reference
data is inaccurate, relative timing differences between
instruments using the ENF remain resolvable.
Results from the polarization analysis (figs. 8 and 9)

shows that gross orientation anomalies can be success-
fully identified. Even if the source of the ENF signal is
unknown,when the source remains stable through time
(e.g., a non-mobile transformer or the installation cab-
inet), the rectilinearity of geophysical data at the ENF

7
SEISMICA | volume 2.2 | 2023



SEISMICA | RESEARCH ARTICLE | Passive Assessment of Geophysical Instruments Performance using ENF Analysis

10 9 8 7 6 5 4 3 2 1 0 1 2 3 4 5 6 7 8 9 10
Delay (s)

0.960

0.961

0.962

0.963

0.964

0.965

C
or

re
la

tio
n 

C
oe

ffi
ci

en
t

Ensemble of 211 Cross Correlations

Figure6 Average and 95 % confidence limits (blue curves)
of an ensemble of 211 cross correlations with the mea-
sured ENF (grey curves) for all components of all Gronin-
gen surface accelerometer in the G-network on 2020-03-
01. The accelerometer data have accurate timestamps and
should resolve to a zero-time delay. The grey markers in-
dicate the recovered peaks from the cross correlations and
hence the respective delay times with the measured ENF.
The black marker represents the mean time lag and 95 %
confidence interval, illustrating the accuracy and precision
of the method approaches 1 s.

may thus provide a reasonable tool for the detection of
temporal instrumental orientation anomalies. Further-
more, this method may provide a tool to more accu-
rately determine three-dimensional orientations of geo-
phones installed in seismic boreholes that needs to be
investigated. Perhaps, even small orientation anoma-
lies may be discovered that are on the order a few de-
grees.

5.1 Source of the ENF in Geophysical Data
The mechanisms through which the ENF signal is
passed on to geophysical sensor networks remains enig-
matic and appears to vary per instrument type and in-
stallation (fig. 1). In the following section, the expected
sources in the different geophysical instruments are
discussed. Because of the alternative suspected cou-
pling mechanism, acoustic instruments are treated in
the supplementary information.

5.1.1 G-network Accelerometers and Geophones

From the presented polarization analysis it is evident
that the ENF signal is acquired locally in the G-network
accelerometers. Despite this, in the operational NSAN,
a sudden increase in the amplitude of the ENF has been
observed to lead to false event detection in accelerome-
ters deployednear high voltage power lines – suggesting
that large-scale electrical infrastructuremay under cer-
tain circumstances be a significant source of the ENF
signal. Seismoacoustic coupling (e.g., Evers et al., 2007)
from humming and corona discharge (Loeb, 1965) may
provide a coupling mechanism up to 200 m away from
high voltage power lines (Schippkus et al., 2020). The
susceptibility of the G-network accelerometers to the

ENF is strong and highly polarized. It is expected that
the signal would be less dominant if it were induced
along the wires between the sensor and digitizer where
it is not amplified to such dominant amplitudes. Fur-
thermore, accelerometers in the NSAN are connected
with a two-wire differential setup, effectively limiting
the influence of external magnetic fields on grounds
loops specifically, but leaving the sensor itself suscepti-
ble to changing magnetic fields. The recorded power at
the ENF in accelerometers with different gain settings
and sensitivities appears similar across the G-network
when the amplitude of the signal is expressed in phys-
ical ground motion units (acceleration, velocity, or dis-
placement), suggesting that the ENF signal is not elec-
tromagnetic of nature. Alterations in the suspension
spring or coils of the accelerometers (Forbriger, 2007)
have been suggested as a likely source of the signal.
The relationship between the cabinet orientation and
the polarization azimuth of the accelerometer data indi-
cates that physical vibration of the cabinet itself may be
caused by the humming power supply that is mounted
on its inside wall.
The geophones inside the seismic boreholes of the G-

network share surface electronics with the aforemen-
tioned accelerometers. The geophones operate pas-
sively and have no direct power source but are con-
nected to the power grid through a digitizer at the sur-
face. The amplitude of the ENF in these data is orders
of magnitude smaller compared to the accelerometers
and showvaryingdirections of polarizationwithin a sin-
gle borehole. The polarization is strong, yet orienta-
tions vary unpredictably over the 50 m depth levels in-
side the borehole, and because no decrease with depth
inside the boreholes (from 50 to 200 m) could be identi-
fied, it is suggested that the ENF signal is potentially es-
tablished at the surface. For these instruments, it may
be that unshielded signal cables connected to the data-
logger allow for direct induction of straymagnetic fields
from nearby electrical components. A more thorough
assessment of the ENF signal in geophones inside the
seismic boreholes is recommended.

5.1.2 E-TEST Battery Operated Geophones

Surface geophones from the E-TEST temporary deploy-
ment (Shahar Shani-Kadmiel et al., 2020) are fully bat-
tery operated and enclosed within a single unit. These
instruments are of interest because they have no phys-
ical connection to the electrical grid. For these geo-
phones, the ENF signal is only detectable and usable
when the instruments are deployed near towns (fig. 10),
visible overhead power lines, or sub-surface electrical
infrastructure, as revealed by the presence of e.g., street
lights. In the middle of a forest or field, the ENF sig-
nal could not be recovered from the data. It is still un-
known whether the coupling is purely electromagnetic
or through (coupled) waves as a result of the humming
and vibration of the nearby electrical components.

5.2 Further Applications of ENF Analysis
In theprevious sections, thebenefits andversatile appli-
cation of ENF analysis in the passive quality assessment
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Figure 10 Columns showing two battery operated geophones in the 3T temporary deployment (Shahar Shani-Kadmiel
et al., 2020). The left column shows geophone node 0NQPA remotely deployed in a forest and shows no trace of the ENF
in its data. The right column represents data from geophone node XFRFA which is located near a town and electrical infras-
tructure. The ENF signal is clearly derived from anthropgenic activity in this area.

of geophysical data was demonstrated. Because the sig-
nal is persistent and omnipresent, some other foresee-
able applications and possibilities for future considera-
tion are discussed below.

Seismometers are considered to be linear time-
invariant (LTI) systems. This description implies that
an input of particular frequency should output a sig-
nal with equal frequency, albeit with modified ampli-
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tude and phase, as described by the instrument’s trans-
fer function. Because the input signal of the ENF iswell-
defined and predictable, its characteristics should be
accurately reflected in the output signal. A number of
LOFAR stations in the NSAN network show an anoma-
lous consistent positive shift in the ENF of 0.01 Hz. This
feature may represent a deviation from a linear re-
sponse, or that there exists a minor drift in the clock
that may stretch sample spacing, providing the appear-
ance of a higher frequency input signal. The latter hy-
pothesis seems most likely considering the stations are
known to use non-commercial dataloggers.
Additionally, the absolute (integrated) amount of

power of the observed ENF in digital recordings varies
significantly as a function of time. Many features are ex-
pressed in this variation, most of which do not yet have
identified sources. The most coherent changes happen
on timescales of minutes to days and occur simultane-
ously and proportionally between all stations in the net-
work. Diurnal variation of the strength of the ENF sig-
nal appears to be to some degree coherent with mea-
sures of the consumer load. An in-depth investigation
on these varying amplitude, including a better under-
standing of couplingmechanisms in geophysical instru-
ments, may provide opportunities for other potential
benefits of ENF analysis to be identified, such as the po-
tential detection of sensitivity anomalies. Furthermore,
the coherency of the varying ENF signal strength be-
tween stations may provide an alternative way to detect
relative timing issues that needs to be investigated.

6 Conclusion
The application of ENF analysis to the passive quality
assessment of geophysical data is a versatile technique
that can be leveraged to identify timing issues at the 1 s
level. It is also demonstrated that a polarization analysis
of accelerometer data at the ENF enabled instrumenta-
tion orientation errors to be detected and resolved. ENF
analysis may thus be considered for the passive detec-
tion of timing errors and sensor orientation anomalies,
and in data where the provided timestampmay be tam-
pered with, or generally unreliable, for example due to
the lack of GPS connectivity. The mechanism through
which the ENF is coupled to geophysical data appears to
be instrument and installation specific and needs to be
investigated further. Despite this, the proposed meth-
ods can potentially be adopted by geophysical monitor-
ing institutes, and opens multiple avenues for further
research.
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