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Abstract

The search for radio technosignatures is an anomaly detection problem: Candidate signals represent needles of interest
in the proverbial haystack of radio-frequency interference (RFI). Current search frameworks find an enormity of false-
positive signals, especially in large surveys, requiring manual follow-up to a sometimes prohibitive degree.
Unsupervised learning provides an algorithmic way to winnow the most anomalous signals from the chaff, as well as
group together RFI signals that bear morphological similarities. We present Grouping Low-frequency Observations By
Unsupervised Learning After Reduction (GLOBULAR) clustering, a signal processing method that uses hierarchical
density-based spatial clustering of applications with noise (or HDBSCAN) to reduce the false-positive rate and isolate
outlier signals for further analysis. When combined with a standard narrowband signal detection and spatial filtering
pipeline, such as turboSETI, GLOBULAR clustering offers significant improvements in the false-positive rate over
the standard pipeline alone, suggesting dramatic potential for the amelioration of manual follow-up requirements for
future large surveys. By removing RFI signals in regions of high spectral occupancy, GLOBULAR clustering may also
enable the detection of signals missed by the standard pipeline. We benchmark our method against the C. Choza et al.
turboSETI-only search of 97 nearby galaxies at the L band, demonstrating a false-positive hit reduction rate of 93.1%
and a false-positive event reduction rate of 99.3%.

Unified Astronomy Thesaurus concepts: Outlier detection (1934); Clustering (1908); Technosignatures (2128);
Search for extraterrestrial intelligence (2127); Radio astronomy (1338)

1. Introduction

Since the work of G. Cocconi & P. Morrison (1959) and
F. Drake (1961), radio frequencies have comprised the most
widely explored domain in the search for extraterrestrial
intelligence (SETI) due to their favorably low extinction across
cosmic distances and the known efficacy of their use for
communication by at least one spacefaring civilization—
humanity. Since 2015, the Breakthrough Listen (BL) Initiative
(S. P. Worden et al. 2017) has used various facilities, including
the Robert C. Byrd Green Bank Telescope (GBT), to conduct
radio-frequency searches of numerous targets, ranging in scale
from the planetary (e.g., R. Traas et al. 2021; N. Franz et al.
2022) to the galactic (e.g., V. Gajjar et al. 2021; C. Choza et al.
2024), for unambiguously artificial signals, or “technosigna-
tures.” Such signals are generally assumed to be narrowband,
with signal widths on the order of 1–10 Hz, for transmission
efficiency and since no known astrophysical process naturally
produces emission so narrowly peaked. Continuous-wave
emission is also typically assumed for feasibility of follow-up
observations and while calculating transmitter distributions.

Technosignature searches outside the radio have sought other
types of signals, such as optical laser line emission (e.g.,
A. Zuckerman et al. 2023) and infrared waste heat signatures
(e.g., J. T. Wright et al. 2014; M. Suazo et al. 2024).
Additionally, some radio technosignature searches have relaxed
the narrowband assumption or the continuous-wave assump-
tion, such as, respectively, the searches by V. Gajjar et al.
(2022) for broadband pulsed signals with artificial dispersions
and by A. Suresh et al. (2023) for intermittent signals with
artificial periodicities. However, these alternative premises
necessitate different search methodologies, and only the
narrowband, continuous-wave radio case is treated here.
The BL search for radio technosignatures, a project waged

on petabytes of spectrogram data both archival and novel, is
hindered by the enormous amount of radio-frequency inter-
ference (RFI) present at all observing bands. Since most RFI
signals are themselves technosignatures, albeit with terrestrial
origins, they are frequently very similar in morphology to the
signals sought in BL searches. A robust filtration framework is
therefore critical to distinguish desired signals from RFI.
Past GBT searches (e.g., J. E. Enriquez et al. 2017;

D. C. Price et al. 2020) have primarily used two criteria to
reject RFI. The first is that an extraterrestrial narrowband signal
must exhibit a drift in frequency over time due to the relative
motion between the transmitter and the telescope; any signal
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with a drift rate of 0 Hz s−1 is consequently rejected. The
second is a spatial filter, motivated by the assumption that
extraterrestrial signals should be localized on the sky whereas
RFI often is not. Observations of a target are made in a cadence
of three “on” pointings interspersed with three “off” pointings
in an ABACAD pattern, where A designates an on-target scan
and B, C, and D designate distinct off-target scans; any signal
that appears in the “offs” in addition to the “ons” is likewise
rejected. (For a full overview of the BL observation strategy,
see Section 2.1 in M. Lebofsky et al. 2019.) Signals that pass
these criteria are promoted from “hits” to “events.”

However, despite the presence of these well-motivated filters
in conventional search pipelines, false-positive events are still
found in significant numbers, contributing to manual follow-up
requirements that can be tedious for large surveys and may
become prohibitive as data volumes continue to grow.
Moreover, high RFI densities can confound the algorithms
that match signals across pointings. For these reasons, RFI
mitigation is as much a concern for technosignature searches as
for any other area of radio astronomy.

Past approaches in RFI mitigation have included software such
as AOFLAGGER (A. R. Offringa et al. 2012), which uses the
SumThreshold method primarily to flag lines of RFI that are
constant in either time or frequency (A. R. Offringa et al. 2010).
More diverse RFI morphologies have been sought by recent
machine learning (ML) studies, which have included both
supervised methods (e.g., M. Mesarcik et al. 2023), where the
goal is to classify signals according to a known library of sources,
and unsupervised methods (e.g., M. Mesarcik et al. 2022), where
the goal is to characterize patterns in a data set and identify outlier
signals. However, most prior approaches do not generalize well to
the unusually high spectral resolutions seen in BL data products
(M. Lebofsky et al. 2019), which are necessary for narrowband
signal detection but reveal fine structures to which these
approaches frequently are not sensitive. P. Pinchuk & J.-L. Margot
(2022) and P. X. Ma et al. (2023) have demonstrated successful
supervised methods for distinguishing technosignature candidates
from RFI with a spatial filter taken into account. C. Choza et al.
(2024) also employed unsupervised learning in their use of
density-based spatial clustering of applications with noise
(DBSCAN) to cluster their false-positive event set in a two-
dimensional feature space.

In this work, we present Grouping Low-frequency Observa-
tions by Unsupervised Learning After Rejection (GLOBULAR)
clustering,11 a method that leverages unsupervised learning to
reduce false positives in technosignature searches before the
spatial filter step by identifying common types of RFI at high
spectral resolution and removing them from the data set. In past
work, including M. Mesarcik et al. (2022), signals are not
detected a priori, and so noise makes up the clusters while RFI
signals are treated as outliers. By contrast, the GLOBULAR
clustering pipeline builds off of existing detection algorithms.
Once detections have already been made, common RFI types
make up the clusters, and unusual RFI signals, as well as any
potential extraterrestrial technosignatures, are the outliers.

1.1. Unsupervised Learning

Although RFI sources are diverse, many RFI signals exhibit
significant morphological similarities, whether because they
were produced by similar sources or by coincidence. For a set

of n statistical quantities, called “features,” that are sufficiently
descriptive of a signal’s structure, similarly shaped signals will
occupy similar positions in the corresponding n-dimensional
parameter space, called the “feature space.” Clustering
algorithms, a form of unsupervised learning, present a way to
quantify this proximity, grouping together signals that share
similar structure.
Our approach implements the hierarchical density-based

spatial clustering of applications with noise (HDBSCAN)
algorithm, first proposed by R. J. G. B. Campello et al. (2013)
as an extension of DBSCAN (M. Ester et al. 1996), and
implemented for Python by L. McInnes et al. (2017).
HDBSCAN comes with a number of unique advantages over
other clustering algorithms, including outlier detection and the
ability to discover the number of clusters without user input.
Additionally, unlike DBSCAN, which requires that the user
prescribe a distance parameter ò, HDBSCAN discovers clusters
of different densities in a single run by varying over a preset
range of values for ò. However, a significant drawback,
especially for radio astronomy applications, is that with a
complexity ( ) N 2 that can be accelerated only up to

( ) N Nlog for certain data sets (L. McInnes & J. Healy
2017), HDBSCAN does not upscale easily to large data
volumes. Previous methods of tackling the runtime problem
include an implementation that uses the MapReduce frame-
work across subsamples of the data set with a subsample size
determined by single-unit processing power (J. A. dos Santos
et al. 2019). We employ the batching scheme described in
Section 3.1, which uses a subsample size determined by a
preliminary analysis of the data, among other differences.
We apply HDBSCAN to the dual problem of RFI

classification (grouping similar RFI signals together) and
anomaly detection (isolating unusual signals for further
analysis). Matching the classes discovered by our method to
common sources of RFI, we demonstrate the validity of our
clustering. We then apply the turboSETI FindEvent
pipeline (E. Enriquez & D. Price 2019) to the anomalous class
and discuss the results.

1.2. Data Sample

To benchmark our method against an existing survey, we
analyze the sample of nearby galaxies previously searched by
C. Choza et al. (2024). The sample contains 97 of the 123
targets in the BL nearby galaxy sample (H. Isaacson et al.
2017), chosen because their declinations, all greater than −20°,
make them observable with the GBT. We analyze only the
L-band observations from this sample, a total of 100 cadences
in the range from 1.1 to 1.9 GHz.
Although extragalactic technosignature searches require that

any putative transmitters demonstrate truly prodigious power
output to be detected, they constrain the existence of such
transmitters by sampling trillions of star systems in a single
survey (see discussion in C. Choza et al. 2024). Extragalactic
searches may also support unique RFI rejection methods, such
as an extension of the scintillation filter used for a Galactic
center search by B. Brzycki et al. (2024), though these methods
were not used by C. Choza et al. (2024) and are not further
discussed in this paper.
With turboSETI, C. Choza et al. (2024) found 2,186,151

hits across the cadences in this band. However, we find that
268,084 of these hits are duplicates of other hits in the data set,
a redundancy that does not affect the processing in the11 https://github.com/bjacobell/gbt-hdbscan
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turboSETI pipeline but does affect a density-based cluster-
ing algorithm.12 An additional 164 hits are too close to the edge
of the band (<50 kHz) for our statistical calculations to be
effective (see Section 2, Features 7 and 8). We excise these hits
from our analysis, leaving 1,917,903 unique hits for which our
full feature list is calculable.

We also generate 100 synthetic events with setigen
(B. Brzycki et al. 2022) with drift rates between −3 and
3 Hz s−1 and SNRs between 1000 and 10,000, corresponding to
300 hits since each event appears in three “on” pointings. These
signals are designed to resemble the drifting, narrowband,
spatially localized signals we aim to discover, modeled after
observations of human-made spacecraft (e.g., Voyager 1) and
expected to be similar for nonanthropogenic sources. By
attempting to recover these signals, we estimate the algorithm’s
true-positive rate. We inject these events into the observation
cadence for M31, found during our toy-model experimentation
(Section 4) to be a good example of a typically RFI-dense
L-band observation, and run a turboSETI FindDoppler
search to retrieve the hits. Only 296 of the 300 hits are recovered
in this way for analysis in the next stage of the process, not an
unexpected result as turboSETI routinely misses a small
proportion of signals due to high drift rate, low power, intense RFI
in nearby frequency channels, or other reasons. The four missed
hits are in two pairs from two different events, so we have a
theoretical recovery ceiling of 98 events.

For benchmarking, we use the turboSETI values found by
C. Choza et al. (2024) for all real hits, and an identical search to
recover our injected hits. The searches were performed over a
drift rate range from −4 to 4 Hz s−1, with a signal-to-noise ratio
(SNR) threshold of 10 (see C. Choza et al. 2024 for a
discussion of the limitations of turboSETI’s detection
algorithm and SNR calculations).

2. Feature Space

The features used in this work to represent signals are a set of
prescriptive statistical parameters that were chosen due to their
known relevance to the field. This is in contrast to the “latent
space” of features produced by, for example, principal component
analysis (PCA) or the first half of an autoencoder (e.g., P. X. Ma
et al. 2023), which discover features algorithmically. The exact list
was developed during preliminary analysis of a small portion of
the data set (see Section 4). A benefit to our approach is that the
features have clear statistical and/or astrophysical significance to a
human observer. While we generally do not know the features’
relative importances, i.e., the degree to which each feature
influences the classification of a hit toward one cluster over
another, prior to setting them, we can estimate them a posteriori in
various ways, including a random forest trained on the clustering
results (Section 4.1) and Shapley values (Section 4.2). Our list is
intended to be representative of the data rather than tailored
specifically to any one algorithm, so while we prioritize
HDBSCAN in this work, it may also provide a useful basis
for methods such as isolation forests (e.g., F. T. Liu et al.
2008) or unsupervised random forests (e.g., A. Mantero &
H. Ishwaran 2021).

Our feature space for this work is 13-dimensional, with three
of the features calculated natively by the turboSETI

implementation and the other 10 calculated afterward. Our
feature list is effective, as we show through the feature
importance analysis described above and in Sections 4.1 and
4.2, but it is not exhaustive, and further work may refine the
list by introducing new features or pruning relatively unim-
portant ones as necessary, especially for applications to other
telescopes or observing bands.
We preprocess our calculated features to ensure that the

scales are comparable from one feature to another. Features 1
and 2 undergo quantile transforms, further discussed in their
respective sections below. Features 3, 5, 8, 10, 11, and 13 are
converted to logarithmic scales. Features 1, 3, 4, 5, 8, 10, 11,
12, and 13 are normalized to unit range, while Feature 2 is
normalized to unit variance following its quantile transform to
a normal distribution and Feature 9 is normalized to unit
maximum with negative values permitted. Features 6 and 7 do
not undergo normalization because their ranges are already
close to unity. The range of any feature can be adjusted to
induce a corresponding effect on the feature’s relative
importance; we find, as shown in Sections 4.1 and 4.2, that
these ranges are effective for our clustering.
In greater detail, our feature space is as follows.
Feature 1: Observation frequency. The observation fre-

quency where a signal is detected is given by turboSETI in
megahertz. Observation frequency is an indirectly useful
feature for clustering since morphologically similar RFI
generally appears close together in frequency, due to alloca-
tions set by the Federal Communications Commission (FCC).
However, frequency should not be considered at the expense of
the morphological parameters; not all signals in the same band
have the same source, and signals from similar sources can
appear in noncontiguous bands. Frequency can be an unduly
important feature for clustering because the spectral occupancy
may be enormous for some bands, yet negligible for their
neighbors, producing high-density clusters in the frequency
dimension with relatively few outliers in between.
We preprocess the observation frequencies with a quantile

transform to a uniform distribution, preserving the signals’
relative locations in frequency space but eliminating those
locations’ relative densities. This preserves the relevant
information, the apparent spectral proximity of morphologi-
cally similar signals to each other, while smoothing out the
precise divisions set by the FCC allocations.
Feature 2: Drift rate. The drift rate is calculated by

turboSETI and recorded in hertz per second. A high density
of signals near zero drift will occur in virtually every data set
due to the time-invariant nature of most RFI. If the density in
this region is enormous compared to the wings of the
distribution, these signals may be seen as a cluster and the
relatively few signals in the wings as outliers, generally an
incorrect interpretation. We preprocess the drift rates with a
quantile transform to a Gaussian distribution to decrease the
likelihood of this interpretation, aiding the algorithm’s
identification of low-drift anomalies at the expense of some
high-drift sensitivity. This trade-off is desirable because,
mainly due to the presence of high-drift transmitters (e.g.,
Iridium satellites) with a greater drift range than low-drift
transmitters, the precise value of a drift rate is less important at
high drifts than at low drifts.
We also take the magnitude of the drift rate, discarding the

sign, again to improve clustering in the wings. This raises the
likelihood of missing a technosignature in an environment of

12 Accordingly, the conclusions of C. Choza et al. (2024) are unaffected. Their
RFI spectral occupancy analysis uses a different hit catalog that does not
contain duplicates.
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structurally similar RFI with exactly the opposite drift rate, but
this could only occur in the first place by unlikely coincidence.

The drift rate distribution is discretized with a resolution
/ nD = Df Tobs , where Δν is the frequency resolution and Tobs

is the integration time of the data product used (A. P. V. Siemion
et al. 2013). For BL fine-frequency data products, D =f
0.010204 Hz s−1. The discretization may lead to inaccurate
clustering due to the artificial gaps between populations,
especially at drift rates near 0 Hz s−1, where the occupancy is
high. Future work may benefit from mitigating the effect of
these gaps.

Feature 3: Signal-to-noise ratio. The SNR is calculated by
turboSETI. As C. Choza et al. (2024) show, the turboSETI
noise calculation typically underestimates SNR by a factor of
∼3.3, such that a technosignature search with a prescribed SNR
cutoff of 10 is in reality searching for signals above an SNR of
∼33. The SNR distribution plotted in Figure 1 shows the raw
turboSETI values without making this adjustment.

Feature 4: Spectral window skewness (SWS). As reviewed
by D. N. Joanes & C. A. Gill (1998), one measure for the
skewness γ of a sample of n values, with a given value denoted
xi with i ä {1, K, n}, is

/
( )g =

m

m
, 13

2
3 2

where mj is the biased jth central moment, given by

( ¯) ( )å= -
=

m
n

x x
1

. 2j
i

n

i
j

1

We calculate the SWS using the SciPy stats library (P. Vir-
tanen et al. 2020) from a time-integrated spectrum of
bandwidth 2.7 kHz, following an analysis by C. Painter et al.
(2025, in preparation) that found this bandwidth to adequately
capture the spectral environment without drowning out the
central signal. We use the SWS in tandem with the
corresponding kurtosis (Feature 5) to quantify the occupancy
of the signal in the 2.7 kHz window; high values for SWS
suggest that the signal is broad, highly drifted, and/or has a
combed (multiple spectral lines) structure.
Feature 5: Spectral window kurtosis (SWS). Similar to the

sample skewness (see Feature 4), the sample kurtosis κ is
calculated as (D. N. Joanes & C. A. Gill 1998)

( )k =
m

m
, 34

2
2

with the definition for mj given by Equation (2). For symmetry,
we calculate the SWK from the same spectral window as
the SWS.
Like SWS, high values for SWK imply high spectral

occupancy, suggesting broadness, high drift, and/or combed-
ness. Note that SWK values can be large (up to ∼103) when the
kurtic bandwidth (see Feature 7) is small. In general, we find
empirically that the dependence of SWK on the bandwidth over
which it is calculated is logarithmic, and that divergences from
this behavior are evidence for interesting structures, including
nearby signals. Features 7 and 8 quantify these structures.
Pearson’s definition for kurtosis is used over the excess

kurtosis (i.e., κexc = κ −3, also called Fisher’s definition). The

Figure 1. Distributions for the 13 features in our feature space, showing in light blue the distributions before any cluster-based rejection, in medium blue the
distributions after eight epochs of rejection, and in dark blue the retrieved distributions of the injected synthetic signals. Note the logarithmic scale on all y-axes. These
distributions are from before the preprocessing steps outlined in Section 2, and therefore are not the distributions seen by the HDBSCAN algorithm, which are
normalized to ranges of order unity (with the exceptions of Features 6 and 7, which already have ranges of order unity). The gap in observing frequency between 1200
and 1340 MHz is due to a notch filter, the effects of which are removed in preprocessing.
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calculation of Sarle’s coefficient (Feature 6), to be constrained
to unit range, requires the former.

Feature 6: Spectral bimodality coefficient. The spectral
bimodality coefficient is Sarle’s bimodality coefficient applied
to the intensity distribution of a power spectrum. It quantifies
the bimodality of this distribution, which helps quantify the
sharpness of the signal peak. The coefficient is calculated as
(N. Tarbă et al. 2022)

( )g
k

=
+

b
1

, 4
2

where γ is the SWS (Feature 4) and κ is the SWK (Feature 5).
The bimodality coefficient is bounded between 0 and 1, with
low values suggesting unimodality and high values suggesting,
though not guaranteeing, bimodality. A uniform distribution
has b= 5/9.

Limitations of the bimodality coefficient in statistical
inference are well documented, including that its probability
density function is unknown and so statistical significance tests
cannot be applied (e.g., T. Knapp 2007; R. Pfister et al. 2013).
The dip test of J. A. Hartigan & P. M. Hartigan (1985) may
provide a viable alternative for inference analysis using
these data.

Feature 7: Correlation coefficient between SWK and log
(bandwidth). The kurtosis over a spectral window containing a
signal is a function of the window’s bandwidth (herein referred
to as the kurtic bandwidth, i.e., the bandwidth over which
kurtosis is calculated). Assuming a narrowband (∼10 Hz)
signal, at low kurtic bandwidths (∼102–103 Hz) centered on the
signal, kurtosis has a generally linear dependence on the log of
the bandwidth. If there is an additional signal separated from
the signal of interest by Δν0, the kurtosis drops suddenly when
the kurtic bandwidth equals 2Δν0 before continuing to increase
linearly for bandwidths >2Δν0. Inevitably, a “turning-point
bandwidth” occurs for which the kurtosis is at maximum, after
which kurtosis decreases with increasing bandwidth (see
Feature 8). The limit is low kurtosis (3 for Pearson’s
definition), which corresponds to a vanishingly narrow signal
in overwhelming Gaussian noise.

Because SWK is sensitive to spectral occupancy—that is,
kurtosis is high for windows with many narrowband signals,
including comb structures—the behavior of the kurtosis–log
(bandwidth) function helps quantify the nearby environment.
We use the Pearson correlation coefficient between kurtosis
and log(bandwidth) as a proxy for this relationship’s linearity.
We obtain this value by calculating kurtosis for 50 bandwidths
logarithmically spaced between 200 Hz and 100 kHz (also used
for Feature 8), then using the bandwidths between 200 Hz and
2.7 kHz (see Feature 4) to calculate the correlation coefficient
using the SciPy stats library.

Feature 8: Bandwidth for which SWK is a maximum. Also
referred to herein as the turning-point bandwidth (see Feature 7
for motivation). The turning-point bandwidth is calculated
using the same 50 kurtic bandwidths calculated for Feature 7.
For better precision, instead of taking the sample with maximal
kurtosis, we fit a parabola to this sample and the two adjacent
samples and compute its vertex. We note that a significant
number of our hits have turning-point bandwidths beyond the
searched range, for which we make no provision except to set
those values to the top of the range (100 kHz). A future
implementation of this algorithm could search higher kurtic
bandwidths and potentially discover new outliers on the basis

of anomalously high turning-point bandwidths, but the
computational cost of more extensive searches swiftly becomes
excessive.
Feature 9: Temporal window skewness (TWS). The TWS is

calculated similarly to the SWS (Feature 4), except on the full
5 minute time series rather than a small chunk of the power
spectrum. It indicates the duty cycle of the signal; high values
suggest that the signal is pulsed or otherwise has a strong peak
at some point in time. We note that the typical time series for
our observations is extremely coarse, with only 16 samples in a
∼5 minute observation. Future work will likely benefit from
extracting temporal statistics from data products with finer time
resolution (M. Lebofsky et al. 2019).
Feature 10: Time-series standard deviation. The standard

deviation of the frequency-averaged time series is generally
informative about temporal behavior, which is useful for
similar reasons to the TWS (Feature 9). We note, as for TWS,
that our time series are extremely coarse, and the precision of
this parameter will likely benefit from calculation on data with
higher time resolution.
Feature 11: Power-spectrum standard deviation. The

standard deviation of the time-averaged power spectrum is
generally informative about spectral behavior.
Feature 12: Signal bandwidth. We calculate the signal

bandwidth using tools from blscint (B. Brzycki et al. 2023),
which records the width in bin units (converted to hertz in, e.g.,
Figure 1). Signal bandwidth is defined here as the frequency
interval at 1% of a signal’s maximum power. We search
bandwidths up to 5 kHz and find none above ∼3.1 kHz in our
data set. The vast majority of signals are only a few hertz wide.
Feature 13: Redness of spectral periodogram. To character-

ize comblike spectral structures, we take the Lomb–Scargle
periodogram (N. R. Lomb 1976; J. D. Scargle 1982) of a
10 kHz window centered on each signal and calculate its
“redness”; that is, an estimate of the power contained in low-
“frequency” periodic signals.13 We consider the first fifth of the
periodogram, which is approximately equivalent to the positive
half of a Fourier transform since we are not missing any chunks
of data in the frequency domain. From this section, we take the
ratio of the average power in the first half to the average power
in the second half, and use this value as a redness estimate.
The Lomb–Scargle calculation is done using the Astropy
implementation (J. VanderPlas et al. 2012; J. T. VanderPlas &
Ž. Ivezić 2015).

3. Method

Due to the dimensionality of the problem in both feature
count (13) and sample size (∼2 × 106), the application of
HDBSCAN to a large survey of narrowband radio signals is not
trivial, requiring certain pre- and postprocessing measures to
obtain reasonable results in both anomaly detection and RFI
classification. A visual summary of these measures is given in
Figure 2.
Since GLOBULAR clustering does not itself detect signals

in spectrogram data, the method begins with a user-defined list
of already discovered signals. We use those discovered by the
turboSETI FindDoppler search algorithm on the GBT

13 We use scare quotes here to emphasize that the frequency and redness in
question are not in the typical frequency domain—that is, the Fourier transform
of the time domain, commonly expressed in cycles per second, or hertz—but
rather in the Fourier transform of the frequency domain, expressed in cycles per
hertz.
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observations used by C. Choza et al. (2024), though in
principle any list of suitably precise frequencies of detected
signals will suffice. After excisions for the sensitivity range and
duplicate signals, we have a data set of 1,917,903 hits (see
Section 1.2). We add the 296 synthetically generated hits
recovered by FindDoppler, bringing the pre-HDBSCAN
data set to 1,918,199 hits. Only the C. Choza et al. (2024) hits,
and not our injected ones, are reflected in Figure 2.

We calculate features for each hit (see Section 2), reducing
the signal from a many-pixel array to a 13-number representa-
tion. After reduction, we pass the 13 features from all
1,918,199 hits in batches through successive instances of
HDBSCAN, pooling and shuffling the batches with each
iteration to ensure even clustering (see Section 3.1). The
iterative batching and pooling may be done an arbitrary number
of times to achieve the desired reduction rate, though the
likelihood of false negatives may increase if this number is too
high. We run the algorithm for eight iterations, termed
“epochs” by analogy with training methods in supervised
learning, to obtain a total reduction rate of 93.1%. The epoch-
by-epoch results are given in Table 1.

The HDBSCAN iterations partition the data set into
anomalies and nonanomalies (i.e., the most probable RFI),
which are thenceforth treated separately. The anomalies are
passed through the turboSETI FindEvent pipeline, which
applies the spatial filter across pointings in each cadence. We
follow standard BL procedure in rejecting signals that appear in
some “on” pointings but not others, or appear in any of the
“off” pointings. The resulting events are fewer in number and
more likely to be truly unusual than the events found by a
pipeline involving turboSETI alone. Importantly, in the
cadences we pass to FindEvent, we trim the clustered RFI
signals from the “on” pointings but leave the “off” pointings
unaltered. If the “off” pointings are likewise trimmed, our
method risks finding new false positives by removing
continuous signals in the “offs” without removing their
counterparts in the “ons,” simulating a signal localized on the
sky. This produces approximately 50 new false-positive events
in our testing. However, a case can be made for trimming the
“off” pointings in spite of these new false positives. A
sufficiently dense RFI environment may cause a signal to seem
to be in one or more “offs” due to the presence of nearby

signals (or superpositions of signals) with similar drift rates,
even though their structure is different. GLOBULAR clustering
could de-densify such an environment and remove the
confounders, enabling an event detection that would not have
been possible with untrimmed “offs.”
The nonanomalies are clustered in each batch, but still need

to be matched to superclusters across batches to characterize
the full data set. We do this by first using PCA to project the
intra-batch cluster centroids into a six-dimensional space, then
using t-distributed stochastic neighbor embedding (t-SNE) to
project them into a two-dimensional space, and then using
HDBSCAN to cluster them.
The two dimensions of the embedding contain the informa-

tion of the input six-dimensional space as the result of a
nonlinear mapping, and so have no intuitive physical meaning
in either unit or scale. A benefit of t-SNE is that by tuning
hyperparameters, the user can place varying degrees of
emphasis on local or global structure, seeking a middle ground
that emphasizes divisions between groups of clusters and aids
matching. However, the ideal tuning is subjective, and,
combined with the difficulty of interpreting apparent structures
in t-SNE embeddings (M. Wattenberg et al. 2016), can easily
lead to faulty results. We emphasize that visually spot-checking
the clusters found by HDBSCAN at this stage is valuable for

Figure 2. End-to-end overview of the GLOBULAR clustering method. Numbers and some labels represent our implementation on the C. Choza et al. (2024) data set
and will vary by application. The raw data set also contains 296 synthetic hits corresponding to 98 events for true-positive recovery, which are not reflected in this
chart. The three i indicate the iterations required to choose suitable hyperparameters for HDBSCAN and t-SNE; our heuristic criteria for making these choices are
given in Section 4 and Section 3.2, respectively.

Table 1
Results of Epochal Iteration of HDBSCAN

Pct. Reduction Pct. of
Epoch Anomalies from Previous Original

Epoch Data Set

0a 1,918,199 L 100.0%
1 1,005,473 47.6% 52.4%
2 749,904 25.4% 39.1%
3 585,257 22.0% 30.5%
4 452,430 22.7% 23.6%
5 330,067 27.0% 17.2%
6 250,142 24.2% 13.0%
7 190,122 24.0% 9.9%
8 133,149 30.0% 6.9%

Note.
a That is, before any iterations.
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verifying that the output is sensible. We also note that
empirically we find substantial improvements in matching
when we employ the dimensionality reduction measures
discussed above, including improvements in the embedding
when it is calculated from a reduced six-dimensional space
instead of the original 13-dimensional space.

The following subsections outline the batching, iteration, and
cross-batch matching processes in more detail.

3.1. Batching and Epochal Iteration

In our testing, HDBSCAN lost sensitivity at high data
volumes, having a tendency to group an extreme majority
(>90%) of hits in one cluster. We combat this problem by pre-
batching our data and running HDBSCAN on a set of only
∼3000 hits at a time, randomly sampled from the preprocessed
ensemble. For our data set, this results in 639 batches. This
approach risks splitting up small clusters into pieces too small
to be caught by the algorithm, so we iteratively pool the
anomalies from each batch into a new data set and run the
algorithm again for further reduction.

We deployed our method on the L-band subset of the
observations used by C. Choza et al. (2024), a total of
2,186,151 hits (1,917,903 after our excisions and 1,918,199
after our injections; see Section 1.2). The full data set is
preprocessed before batching to ensure comparable ranges for
all features, and batches are drawn at random from the
ensemble with each hit having an equal probability of being
drawn. Preprocessing helps ensure that all features are scaled
proportionally and that the scaling is not unique on a per-batch
basis.

To each batch, we inject an identical set of 100 × 13 features
derived from 100 drifting narrowband signals synthesized with
setigen. These signals are generated in the same way as, but
are otherwise distinct from, the 100 events injected for
recovery; the purpose of these is to “seed” clusters with
morphologies we want to keep. Real drifting narrowband
signals in the data set are likely to be clustered with the seed
signals, enabling the user to more effectively track them
through the epochal iteration. Any nonsynthetic signals placed
in seeded clusters are retained for the next epoch as though they
were outliers.

The scikit-learn implementation of HDBSCAN,
which we used for our analysis, takes an assortment of
hyperparameters as user-defined inputs. We varied three: the
minimum number of points per cluster npts, the minimum
number of neighborhood points for clustering (a proxy for
cluster density) ρpts, and the merging threshold òm, which is a
distance parameter proposed by C. Malzer & M. Baum (2019)
that prescribes the merging of clusters closer together in feature
space than its value.14 We discuss our methodology for tuning
these hyperparameters in Section 4. Figure 3 shows the cluster
count per batch for the first epoch, with npts = 4, ρpts = 2, and
òm = 0.18. Two batch populations are evident: the one on the
left, with very small cluster counts; and the one on the right,
with cluster counts in the ∼102 range. The left-hand population
corresponds to batches that are clustered insensitively; that is,
an extreme majority of hits (90%) are grouped in a single
cluster. The right-hand population corresponds to batches with
more sensitive and accurate clustering.

An additional benefit to batching for large data sets is that
the complexity of the HDBSCAN algorithm is generally

( ) N 2 , so compute time rises quadratically with sample size N
for an unbatched data set. However, suppose the data set is split
into k batches, each of size N/k. Suppose also that the compute
time for the unbatched data set is AN2 for some arbitrary
coefficient A. The compute time for all batches is
k × A(N/k)2 = AN2/k, a factor of k speed-up from the
unbatched case. Furthermore, batches can be processed in
parallel, permitting total acceleration by a factor of up to k2.
The compute time for our unbatched data set was ∼13 hr,
whereas by batching with k= 639, we processed all batches for
the first epoch serially in just a few minutes.
We ran HDBSCAN for eight epochs, obtaining a total hit

reduction rate of 93.1%. The corresponding event reduction
rate when FindEvent is deployed on the reduced hit set is
99.3% (see Section 5). The epoch-by-epoch results are given in
Table 1.

3.2. Cross-batch Cluster Matching

Since the number of clusters found by HDBSCAN may vary
from one batch to the next (see Figure 3), characterizing the
RFI environment of a large data set requires that similar
clusters be identified across batches. We do this by matching
cluster centroids, assuming that any two clusters with
proximate centroids in our feature space are likely to contain
RFI with similar structure.
The t-SNE algorithm offers one way to improve the

matching. We key each hit to the centroid of the cluster it
was found in during the epochal iteration. This means that for a
cluster with 100 hits, its centroid will be repeated in the pre-
embedding data set 100 times. We run a combination of PCA
and t-SNE on random samples of 10,000 centroids, where
repetition in the sample is possible due to repetition in the
ensemble. We employ the first six principal components for
data reduction before t-SNE, finding that this is the number
necessary to capture more than 95% of the variance in the
centroid set. The result is a two-dimensional embedding like
the one shown in Figure 4. Distinct groups of centroids are

Figure 3. Cluster counts for 639 batches, each with n ≈ 3000. 80.9% of the
batches are in the right-hand population and incur data reduction by discarding
the nonanomalous classes. The batches in the left-hand population are
insensitively clustered and do not incur reduction before the next HDBSCAN
iteration.

14 Not to be confused with the DBSCAN hyperparameter ò (see Section 1.1).
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made evident by the embedding, so we run HDBSCAN on the
embedded points to recover these groups. The colors in
Figure 4 show the HDBSCAN labels.

The main hyperparameter needing to be tuned in the t-SNE
algorithm is the perplexity, which indicates how much local
versus global structure is emphasized in the embedding. Higher
perplexity values tend to mean more clearly defined separations
between higher-level clusters at the expense of low-level detail.
We find that perplexities between 15 and 40 work well for our
data, and that the algorithm is fairly but not entirely robust to
variation within this range. Varying the size of the sample does
appear to affect the appropriate perplexity range. We also tune
the early exaggeration, a hyperparameter that helps emphasize
the separation between clusters, which can aid HDBSCAN’s
identification of them. We use early exaggeration values of
order 1–10. The embedding in Figure 4 was produced with
perplexity 40 and early exaggeration 4.

Since distances in a t-SNE embedding are the result of a
nonlinear mapping and do not necessarily have an intuitive
distance-like meaning, apparent clusters in the embedding must
be interpreted with caution. Relatively low-level structure in
the embedding may in fact be important, yet may be ignored by
HDBSCAN in favor of high-level clusters. Conversely,
HDBSCAN may find several small clusters where a single
supercluster would be more appropriate. There is a trade-off

between cluster homogeneity and cluster redundancy. With the
embedding in Figure 4, we have chosen to permit some
redundancy in the interest of greater homogeneity.
A hierarchical approach may improve these results, choosing

input hyperparameters that permit some inhomogeneity at first,
and then requiring a re-embedding and reclustering of each
cluster that appears inhomogeneous. Another option is active
learning, which can leverage user input to slightly adjust
clusters for greater homogeneity. We defer these improvements
to future work, emphasizing for now that this method produces
good clusters in general, even for large data sets, and that
refinement is still possible.

4. Application to Small Data Sets

We developed our feature space in iterations of the
HDBSCAN algorithm on a toy data set of 3068 hits discovered
with turboSETI in a 5 minute observation of the galaxy
M31, over 187.5 MHz of frequency space from 1501.5 to
1689.0MHz. We took 316 hits from a small frequency range
around 1620MHz of a separate observation, of the star
HIP 3223, to reinforce the sparse population of a type of RFI
signal we consider significant. Additionally, three artificial
injections were made to the M31 observation using setigen
and their parameters retrieved; these injections were tracked to
ensure our toy-model clustering remained sensitive to likely
technosignature candidates. The 187.5MHz M31 observation
used to test the toy model was a portion of the 800MHz M31
observation to which we later injected 100 synthetic events for
large-scale retrieval testing (Section 1.2), and the three
injections made for the toy model were generated using the
same parameters as the 100 events for the large-scale model.
On our toy data set, with the right choice of hyperparameters

we achieved remarkably accurate clustering of common types
of RFI signals at the same time as a reduction rate greater than
90%. The best hyperparameters we found for this data set were
npts = 7, ρpts = 2, and òm = 0.24, and were chosen by the
following process, which evolved from experimentation and
empirical findings:

1. npts is chosen first. With ρpts and òm set to their minimum
values (2 and 0, respectively), npts is varied over the
integers from 3 to approximately 10. We find that there is
generally a threshold above which the clustering is
unstable and a clear majority of hits (at least 60%, but
sometimes even above 90%) are erroneously placed in
one cluster. It is desirable to set npts as high as possible
without breaching this stability threshold, which takes
some iteration.

2. ρpts is set to 2. Due to the diffuseness in feature space of
our data set, so long as npts is set below the stability
threshold clustering is seldom helped by setting ρpts > 2.
Increasing ρpts has the effect of making the clusters more
conservative, giving the user a higher degree of
confidence that their clusters represent homogeneous
sources of RFI. We are already confident in this due to
our liberal choice of npts, so the main effect of ρpts is to
peel away signals from clusters and increase the size of
the anomalous class. Instead, our method is to discover
many prospective subclusters with a low npts and ρpts, and
then merge them with a well-chosen òm.

Figure 4. Top: two-dimensional t-SNE embedding of a 10,000-hit sample. The
axes are derived from a nonlinear mapping and have no intuitive physical
meaning. Each hit is passed through t-SNE not with its actual position in our
feature space, but with the centroid of the cluster it was found in during the
eight epochs of batching. We run HDBSCAN on the t-SNE embedding to
identify which centroids correspond to morphologically similar clusters.
HDBSCAN clusters are color-coded by index, with hits in the outlier cluster
(indexed −1) represented by light gray ×'s. The 59 clusters shown here are an
estimate, not a 1-to-1 identification, of common RFI sources in the
environment. Bottom: histogram showing hit counts for each cluster.
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3. Once npts is set, òm is varied between approximately 0.15
and 0.25 in increments of 0.01. Increments finer than this
can be meaningful on small-scale data sets for which the
goal is to refine the clusters as precisely as possible, but if
the data set is large enough to warrant batching (see
Section 3.1), lower precision is acceptable. Here, as with
npts, we aim to set òm just slightly lower than a certain
stability threshold.

If the analysis is performed on only a single batch’s worth of
signals, the computational cost of iterating many runs to
optimize these hyperparameters is low. However, in the case
that significantly broader ranges of values need to be tested, or
that the batch size is significantly larger than we use here,
utilities such as CORE-SG (A. C. A. Neto et al. 2022) and
MustaCHE (A. C. A. Neto et al. 2018) may be useful for
efficiently iterating over npts values and for visualizing the
output, respectively.

The advantage of HDBSCAN over DBSCAN—that
HDBSCAN is hierarchical and thus invariant with respect to
cluster density—is mitigated somewhat by the use of a nonzero
òm, which introduces a hyperparameter that functions differ-
ently for subclusters of different densities. However, this effect
also enables the productive use of consecutive HDBSCANs to
cluster anomalies more precisely. For example, when upscaling
our toy model to include the hits from a second observation,
approximately doubling our data set’s size, we could only
obtain a reduction rate of ∼70% with a single HDBSCAN, but
by isolating the anomalies from the first run and processing
them again with a second, differently tuned HDBSCAN, we
increased the hit reduction rate to ∼95%. Consecutive
HDBSCANs are similarly useful for implementations of this
algorithm on large data sets, as discussed in Section 3.1.

4.1. Random Forest Analysis

An instance of supervised learning assessing the validity of
unsupervised learning, random forests (L. Breiman 2001) offer
a rough yet effective way to estimate the relative importances
of the features in our feature space. The idea centers on the fact
that each node in each tree of a random forest—the point at
which a decision is made about whether to classify an input
signal one way or another—uses one of the input features to
make its decision. This is why it is generally much more
effective to use a random forest to classify from a low-
dimensional latent space, as in P. X. Ma et al. (2023) use with a
β-variational autoencoder, than from an uncompressed image
with many unimportant elements.

In training the random forest, a loss function—frequently the
Gini impurity; see C.-L. Lin et al. (2024) for an overview—is
minimized, and each node has a quantifiable contribution to the
minimization. By keeping track of the decrease in loss due to
each node and averaging over all the nodes in the entire forest
that correspond to a single feature, we can use the feature’s
mean decrease in impurity as a proxy for its importance. The
scikit-learn random forest implementation has an in-built
way to track these values.

Figure 5 shows the mean decrease in Gini impurity for each
feature when the toy data set of 3387 points is used to
train a random forest. The forest consists of 128 decision trees,
each of which sees all 13 features. Labels were assigned by
HDBSCAN clustering.

The error bars encompass 68% of the trees in the forest, and
show quite a large spread for some features. The error bars on
feature importances typically decrease for larger data sets; it is
rarely good practice to train any supervised ML model on a
data set of only a few thousand samples. However, a larger data
set presents another challenge in that batching (see below) does
not guarantee that morphologically similar clusters are indexed
the same way across the entire data set. Therefore, when
upscaling this approach, careful accounting is needed to match
clusters across batches.
The benefit of this approach comes from demonstrating in a

general sense that no one feature is significantly more
important than the others. If one were, it could cause the
HDBSCAN algorithm to cluster on the basis of it alone. If a
feature does turn out to be unusually important, measures can
be taken to reduce its importance, such as downscaling its
range in preprocessing.

4.2. Shapley Values

Shapley values, from game theory (L. S. Shapley 1951),
have been used in astronomical ML analysis (e.g., S. Gilda
et al. 2022; S. A. Reddy et al. 2023) to quantify and allocate
credit for a model’s optimization among the features that affect
it. For unsupervised learning, this is done by having a model
that has already clustered a data set predict the clusters of a
small sample of new points. For this, we use the approx-
imate_predict method of the HDBSCAN implementation
by L. McInnes et al. (2017), which does not have an equivalent
in the scikit-learn implementation as of version 1.5.2.
We calculate Shapley values using SHapley Additive

exPlanations (SHAP), a package by S. Lundberg & S.-I. Lee
(2017). Using an HDBSCAN model trained on the same 3387-
hit data set as the random forest in Section 4.1, we use a
KernelExplainer with a background sample of 100 hits to
explain the predictions of 400 hits, drawn at random from the

Figure 5. Feature importances from a random forest trained on a 3387-signal
toy data set. Importances are calculated by normalizing the decrease in Gini
impurity for each tree to unit sum, then averaging across all 128 trees. Error
bars contain 68% of trees.
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toy data set. We obtain the beeswarm plot in Figure 6, which
shows that the features’ Shapley values are generally well
distributed according to their actual values. That is, for
example, high-SNR hits affect the model differently than
low-SNR hits, as they should. In all cases, the mean of the
absolute value of all Shapley values for a feature is significantly
above zero, but comparable across features to within an order
of magnitude. This suggests, like Figure 5, that the features
have similar importances on average.

The features derived from the frequency-averaged time
series, the TWS and the temporal standard deviation, are
significantly noisier than other features, with hits of many
different colors clumping together around the mean. This aligns
with our expectations; since the time series is only 16 bins of
∼18 s each, any values we derive from it are bound to be noisy.
As we suggest in Section 2, future work can improve these
features by calculating them from data products with higher
time resolution.

4.3. Principal Component Analysis

PCA has been used as a preprocessing step in other clustering
frameworks when a lower-dimensional (K. Sooknunan et al.
2021; B. Biswas et al. 2023) and/or decorrelated (K. T. Matchev
et al. 2022) feature space is needed. However, the features found
by PCA do not share equal importance. Instead, they contain
different fractions of the total variance of the original data set,
permitting the reconstruction of its broadest structures with only
the few highest-variance features (“principal components”), but
requiring more for finer details.

We used PCA to investigate our feature set’s reducibility,
since some correlation is present and some features are noisy.
Figure 7 shows the fraction of the total variance explained by
increasing numbers of principal components. For some data
sets, especially in the case where PCA is the only dimension-
ality reduction technique and is used to reduce the size of, for
example, a long time series from order 103 to order ∼10,
enough noise is present that only the first few principal
components are necessary to capture all the salient information
in the data; all the other components only serve to reconstruct
the noise. However, for our already-reduced data set, virtually

all the variance is significant. The only “noise” would come
from features that are highly correlated with other features, or
are otherwise somehow superfluous in capturing the statistics
of the data.
The curve in Figure 7 is fairly smooth and does not jump

suddenly from a low variance fraction to a fraction near 1.0.
More than 99% of the variance can be retained with as few as
10 components, but in a parameter space where much RFI
looks very alike, even 1% can be significant for clustering and
anomaly detection. For lack of any obvious cutoff point, we
keep all 13 original features and forgo PCA as a preprocessing
step for our analysis. Using the full 13 principal components
may also be a valid approach for reasons of decorrelation, since
the principal components are linearly independent by defini-
tion, but we do not find any correlations in our feature space
strong enough to merit PCA for their mitigation.
We do employ PCA to reduce the dimensionality of the

centroid data set before applying the t-SNE algorithm, as
discussed in Section 3.2.
We also used PCA to test the feasibility of anomaly ranking.

Even after HDBSCAN reduction, the anomalies class may still
require overwhelming manual follow-up for extremely large
data sets, so some form of ranking scheme is desirable to guide
the review. We ranked each anomaly by the Euclidean distance
to its nearest nonanomalous neighbor, a metric intended to
designate “most anomalous” those signals that are farthest in
parameter space from nonanomalous loci. The sensitivity of
Euclidean distance decreases with dimensionality, so we
project the anomalies into a lower-dimensional principal
component space to give this metric more weight. In trials
from 6 through 11 principal components kept, however, we
found no significant improvement in the recovery of injected
technosignature-like signals.

5. Results

On the L-band portion of the C. Choza et al. (2024) data set,
we obtain a 93.1% reduction in the false-positive hit rate after
eight epochs, and a 99.3% reduction in the corresponding event
rate (from 288 to two). The data set was processed in batches of

Figure 6. SHAP beeswarm plot generated from an HDBSCAN model’s cluster
predictions of 400 hits. The model was trained on the same 3387-hit toy data
set as the random forest in Section 4.1. Each point represents a single feature
for a single hit, and its color corresponds to the feature’s value. For example,
the pinkest point along the SNR axis corresponds to the hit with the
highest SNR.

Figure 7. Fraction of total variance explained by keeping different numbers of
principal components. 100% is only attained by keeping all 13, but >99% can
be attained with only 10. We note that even 1% of the variance is significant for
anomaly detection, and keep all 13 original features in our analysis.
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approximately 3000 hits each, plus 100 synthetic “seed” signals
that were the same for all batches. HDBSCAN was applied to
each batch with the same hyperparameters: npts = 4, ρpts = 2,
and òm = 0.18.

Table 2 summarizes our results. Of the two events
discovered by the FindEvent pipeline on our processed hit
data set, one is a clear match to an event found by C. Choza
et al. (2024), while one is new. Both are shown in Figure 8; by
visual inspection, neither is a compelling technosignature
candidate. Curiously, the new event, in an observation of
NGC 628, was found in the Galactic 21 cm line near 1420MHz
and appears to correspond to stochastic intensity variations
rather than an actual narrowband signal, anthropogenic or
otherwise. We speculate that the presence of the 21 cm line
may bias the calculation by turboSETI of the rms noise
across the 3MHz coarse channel that contains it, allowing
intensity spikes much lower than the SNR threshold of the

search to be elevated above the threshold and found
erroneously as hits. Using the FindDoppler pipeline, we
find numerous other hits in the region that similarly do not
appear to correspond to actual signals. The finding of the event
near the 21 cm line is noteworthy in part because of the hit
spectral occupancy of this region. It suggests that RFI rejection
in RFI-dense spectral regions can help the FindEvent
pipeline find events it would otherwise miss. We defer an
analysis of the requisite RFI densities, and consequently the
cases in which this new event finding may be practicable, to
future work.
We also tested our method’s recovery rate of injected synthetic

signals. We simulated 100 drifting narrowband signals with drift
rates between −3 and 3Hz s−1 and SNRs between 1000 and
10,000, and injected them into the “on” pointings of cadence
observations of M31, a total of 300 hit injections. This is a
different set of synthetic signal injections than the 100 seed signals
used to identify clusters of interest in each batch. Of the 300 hit
injections, 296 were identified by the FindDoppler hit search,
corresponding to a possible 98 out of the 100 injected events.
From the identified injections, the GLOBULAR clustering
process erroneously removed 32 hits, leaving 264.
It is known that, due to a ranking algorithm that finds the

“top hit” in each small frequency window, defined by the
maximum drift rate of the search, turboSETI is insensitive
to multiple hits occurring close together in frequency
(J.-L. Margot et al. 2021). This appears to account for two of
the four signals missed by the FindDoppler search, but does
not explain why the FindEvent search fails to link some of
the correctly identified signals across their respective cadences.
After applying the spatial filter, 86 of the 100 synthetic

events were recovered by turboSETI alone and 69
were recovered with GLOBULAR clustering. All of those
recovered with GLOBULAR clustering were also recovered by

Figure 8. Full-cadence dynamic spectra for the two false-positive events found in the reduced C. Choza et al. (2024) data set, with time from the beginning of the
observation on the y-axis and frequency offset from the starting frequency of the event on the x-axis. Each block in a stack is one of the six pointings that make up the
ABACAD observing cadence. The event from the DDO 210 observation was also found by C. Choza et al. (2024), while the event from the NGC 628 observation
is new.

Table 2
Effects of GLOBULAR Clustering on the turboSETI Pipeline

FPa Hits FP Events TPb Hits TP Events

Without GLOBULAR
clustering

1,917,903 288 296 86

With GLOBULAR
clustering

132,885 2c 264 69

Reduction 93.1% 99.3% 10.8% 19.8%

Notes.
a False positive, i.e., known RFI previously analyzed by C. Choza et al. (2024).
b True positive, i.e., injected synthetic technosignatures.
c Of the two false-positive events, one is a match to an event found by
C. Choza et al. (2024). The other is new, though it is not a compelling
technosignature candidate.
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turboSETI alone. Typically, an event missed by GLOBU-
LAR clustering was due to a hit being removed from a single
“on” scan, which disqualifies the signal from event status under
the high-duty-cycle assumption. We use FindEvent for
consistency with C. Choza et al. (2024) and other BL searches,
but refinements in the spatial filter may enable the recovery of
further true positives. Additionally, since 98 of the 100 injected
events exist in the post-FindDoppler data set, the ceiling for
potentially recoverable events is likely higher than the 86 found
by the turboSETI-alone pipeline. The discovery of a new
false-positive event not found by the turboSETI-alone
analysis suggests that GLOBULAR clustering may be able to
help the turboSETI algorithm find some of the true-positive
events it previously missed. We defer this investigation to
future work.

To be assured of valid clustering, we manually inspected a
random sample of single-batch clusters, of which four
examples are shown in Figure 9, and identified likely sources.
Finally, on a sample of 10,000 hits clustered out as RFI, we
performed the cross-batch cluster-matching scheme outlined in
Section 3.2 and inspected the aggregate clusters. As expected,
the single-batch clusters were more homogeneous on average
than the cross-batch clusters, though many of the cross-batch
clusters do display comparable homogeneity to single-batch
clusters. Most of the inhomogeneous clusters are clear
composites of two or three homogeneous clusters, a refinable
error in the application of HDBSCAN to the t-SNE embedding,
and the remaining inhomogeneities present a good use case for
refinement with active learning. We show examples of
relatively homogeneous cross-batch clusters in the Appendix.

Figure 9. Examples of homogeneous clusters from batches before the cross-batch matching process, showing (top to bottom) low-drift narrowband signals consistent
with aeronautical radionavigation, sparse comb structure consistent with GPS L3 signals near 1381 MHz, dense comb structure consistent with GPS L5 signals near
1176 MHz, and broad pulsed signals consistent with the Iridium satellite constellation between 1610 and 1626.5 MHz. These classes are not an all-inclusive portrait of
the RFI environment of the C. Choza et al. (2024) survey, but highlight generally common morphologies. The 20 samples shown for each cluster are selected at
random. Frequency is on the x-axis and is 2.7 kHz for all snippets. Time is on the y-axis and is 5 minutes for all snippets.
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6. Conclusions

In this work, we demonstrate an application of the
HDBSCAN clustering algorithm to technosignature searches,
where it significantly reduces the false-positive rate while
maintaining an injected signal recovery rate only slightly lower
than current search methods. HDBSCAN does not scale easily
to data sets of the volume regularly seen in radio astronomy,
but we mitigate the deleterious effects of upscaling with an
iterative batching and pooling scheme. This implementation
significantly reduces both noise and compute time over an
approach that runs HDBSCAN once on all data points.

GLOBULAR clustering shows promise as a broad-brush
RFI rejection algorithm. Its primary benefit is that it is agnostic
by design to the types of RFI present in a data set. Unlike a
convolutional neural network or other supervised learning
method, which requires that the user prescribe RFI types for
identification, GLOBULAR clustering finds all the common
RFI types in a data set purely on the basis of their prevalence.
Since RFI sources are extremely diverse and growing more so
over time, an agnostic rejection framework is critical for robust,
at-scale mitigation.

An additional benefit is that, by seeding new clusters with
injected synthetic signals, GLOBULAR clustering can be
optimized to search for specific signal types even if their
morphologies are not unusual enough to intrinsically separate
them as outliers. A theoretically arbitrary number of signal
types can be specified like this, boosting the algorithm’s utility
for a wide range of survey targets. In the absence of signal
seeding, truly anomalous signals are still in principle likely to
be identified by being placed in the anomalous class through all
epochs. Future work will quantify the types of true anomalies
to which our method is most and least sensitive.

In our cross-batch cluster-matching method, limitations
remain. As discussed in Section 3.2, apparent clusters in
t-SNE embeddings should be interpreted with caution. Manual
inspection of our cross-batch clusters shows that many of them
are comparably homogeneous to the single-batch clusters
shown in Figure 9, but not all. Future work may reduce the
inhomogeneities, improving the ability of GLOBULAR
clustering to precisely characterize an RFI environment. For
example, refining the feature space, either by introducing new
features or by eliminating insufficiently informative ones, may
enable more reliable discrimination between certain easily
confused RFI types. The exact makeup of the optimal feature
space may depend on the instrument, with features that
informatively characterize the GBT environment at the L band
being less important at the X band, or entirely superfluous for
another observatory. Iterative user experimentation, especially
on small representative toy data sets, can be valuable for
developing the optimal feature space, as discussed in Section 4.

Active learning presents another potentially useful tool for
refinement. Through a front-end interface, a user can manually
relabel an active learning model’s first guess at signal
classifications, one signal at a time, to improve future
classifications. By preferentially selecting signals that occur
at the boundaries of clusters, the user need only relabel a small
fraction of the data set for their feedback to dramatically
improve the model’s classification overall. This method has
already been applied to great effect by M. Lochner &
B. A. Bassett (2021) in their package ASTRONOMALY, which
was originally designed for anomaly detection in galaxy images

but is extendable to other survey types and data products,
including in the radio, as demonstrated by A. Andersson et al.
(2024). As V. Etsebeth et al. (2024) show, as few as ∼105 user
labels are necessary for effective classification and anomaly
detection in a data set of 3,884,404 galaxy images, easily
achievable by one person in a few hours. Similar principles are
likely to apply for dynamic spectra in comparably sized radio
surveys, and will be investigated in detail in future work.
Future refinements aside, GLOBULAR clustering as pre-

sented in this work brings significant advantages to a pipeline
that includes it. The 99% reduction of the false-positive event
rate alleviates the manual follow-up requirements inherent to
large surveys, which are otherwise likely to grow prohibitive
with increasing data volumes. Moreover, the injected signal
recovery rate is within 20% of the recovery rate of
turboSETI alone. The signal recovery rate is aided by our
use of seed signals (Section 3.1), and can be improved for any
use case, not just drifting narrowband signal searches, by a
more comprehensive seed signal set. In this way, GLOBULAR
clustering is straightforwardly extendable both to future
narrowband technosignature searches, such as those enabled
by the development of the Breakthrough Listen Interesting
Signal Search (or BLISS) by N. West et al. (2025, in
preparation), and to other types of radio surveys.
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Appendix
Cross-batch Hit Clusters

Figures 10–14 show samples of hits from relatively
homogeneous clusters that have been matched across batches.
As shown in Figure 4, there are 58 clusters in total, not
counting outliers, though some clusters correspond to morpho-
logically similar RFI. The hits in each cluster are selected at
random (except for Cluster 19, for which all hits are shown)
and sorted by distance from the cluster’s centroid in the t-SNE
embedding space, with the nearest first. Frequency is on the x-
axis and is 2.7 kHz for all plots, while time is on the y-axis and
is 5 minutes for all plots.
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Figure 10. Snippets of dynamic spectra for 50 randomly selected hits from Cluster 0 in the t-SNE/HDBSCAN post-batching RFI analysis (see Figure 4).

Figure 11. Snippets of dynamic spectra for 50 randomly selected hits from Cluster 17 in the t-SNE/HDBSCAN post-batching RFI analysis (see Figure 4).
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Figure 12. Snippets of dynamic spectra for the 45 hits from Cluster 19 in the t-SNE/HDBSCAN post-batching RFI analysis (see Figure 4).

Figure 13. Snippets of dynamic spectra for 50 randomly selected hits from Cluster 21 in the t-SNE/HDBSCAN post-batching RFI analysis (see Figure 4).
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