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ABSTRACT
Fast radio bursts (FRBs) are transient signals exhibiting diverse strengths and emission bandwidths. Traditional single-pulse
search techniques are widely employed for FRB detection; yet weak, narrow-band bursts often remain undetectable due to low
signal-to-noise ratios (SNR) in integrated profiles. We developed DANCE, a detection tool based on cluster analysis of the
original spectrum. It is specifically designed to detect and isolate weak, narrow-band FRBs, providing direct visual identification
of their emission properties. This method performs density clustering on reconstructed, RFI-cleaned observational data, enabling
the extraction of targeted clusters in time-frequency domain that correspond to the genuine FRB emission range. Our simulations
show that DANCE successfully extracts all true signals with SNR > 5 and achieves a detection precision exceeding 93%.
Furthermore, through the practical detection of FRB 20201124A, DANCE has demonstrated a significant advantage in finding
previously undetectable weak bursts, particularly those with distinct narrow-band features or occurring in proximity to stronger
bursts.
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1 INTRODUCTION

Fast radio bursts (FRBs) have captivated the astronomical community
due to the unresolved questions about their origins and the complex-
ities of their emission mechanisms (Zhang 2020; Petroff et al. 2022;
Lyubarsky 2021; Zhang 2023). Although it is widely accepted that
magnetars are the source of at least a subset of FRBs (Bochenek et al.
2020), alternative models–including those invoking non-neutron star
progenitors–have also been proposed (i.e. see the review in Zhang
2023). Investigations into energetics, and burst morphology, particu-
larly for repeating sources, provide crucial insight into the underlying
physical processes (Gourdji et al. 2019; Beniamini et al. 2020; Ra-
jwade et al. 2020; Chime/Frb Collaboration et al. 2020a; Cruces et al.
2021; Amiri et al. 2021; Li et al. 2021; Pleunis et al. 2021; Niu et al.
2022; Zhang et al. 2022; Zhou et al. 2022; Zhu et al. 2023). These
studies benefit greatly from a larger sample of detected bursts; thus,
detecting as many FRB bursts as possible is critical for revealing
potential emission periodicities and constraining flux distributions.

A variety of search methods have been developed to detect both
one-off and repeating FRBs. The most widely used pipelines are
based on single-pulse search techniques (Cordes & McLaughlin
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2003; Spitler et al. 2014; Champion et al. 2016; Zackay & Ofek
2017; Petroff et al. 2019; Men & Barr 2024). These methods in-
volve de-dispersing data over various dispersion measures (DMs)
and evaluating the signal-to-noise ratio (SNR) of integrated profiles
for each DM trial. Two main strategies are used to identify candi-
dates from de-dispersed signals: (1) selecting events with sufficiently
high SNR–usually above a threshold of 5 (Zhang et al. 2018)–and
(2)locating true pulses in DM-time diagrams. In the latter approach,
a dispersed celestial burst produces prominent, centralized structures
in a DM versus time scatter plot (Cordes & McLaughlin 2003) or a
dedispersion transform space (Zackay & Ofek 2017).

The traditional SNR-based selection and DM search approaches,
though widely adopted, often have limited detection sensitivity when
striving to ensure true positive identification. The identification of
genuine signals within DM-transformed data is frequently impeded
by impulsive radio frequency interference (RFI), particularly for
pulses with low dispersion measures (Eatough et al. 2009). To mit-
igate this limitation, some methods split the data into multiple sub-
bands to enhance narrowband FRB detection (e.g. Sand et al. 2022;
Zhou et al. 2022).

Machine learning techniques offer a promising alternative for iden-
tifying features in FRB signals (Pang et al. 2018; Zhang et al. 2018;
Men et al. 2019; Aggarwal et al. 2021). These techniques are gener-
ally applied either to DM-transformed data or directly to the original
spectral, exploiting the unique characteristics of dispersed pulses.
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In practical applications, such methods have demonstrated higher
sensitivity compared to conventional search methods (Zhang et al.
2018). Nevertheless, despite these advances in automated detection,
most pipelines–whether based on DM searches or feature-driven
classification–still require visual inspection of pulse candidates. This
secondary analysis in the time-frequency domain is essential for
confirming low-confidence candidates and for conducting detailed
investigations of the identified pulses.

We present an unsupervised machine learning tool, DANCE, de-
signed to identify both dispersed and de-dispersed FRBs in the spec-
trum. The method exploits temporal and spectral information without
requiring prior feature training. This method utilizes density analy-
sis and clustering to generate visually interpretable candidates, di-
rectly marking their time-frequency locations in the spectrum. For
clustering, we use DBSCAN (Density-Based Spatial Clustering of
Applications, Ester et al. 1996) to distinguish astrophysical signals
from background noise. Similar techniques have been used in FRB
detection (Pang et al. 2018; Men & Barr 2024), where clusters are de-
rived from secondary derived features. Because cluster methods are
particularly effective for detecting discrete point samples in diagram
spaces, some studies have employed clustering to assemble single
pulse events within DM-transformed space at optimal DMs (Foster
et al. 2018). In contrast, DANCE operates directly on the original
spectral data, identifying clusters in the time-frequency spectrum
rather than in a DM transformation diagram.

The structure of the paper is organized as follows. In Sec.2, we
introduce the methods, including descriptions of RFI mitigation, den-
sity analysis, and cluster extraction. Sec.4 presents the performance
of DANCE on both simulated FRB signals and real observations
of FRB 20201124A. In Sec.5 and Sec.6, we discuss the extended
application of DANCE and make a conclusion of our work.

2 METHODS

Our method exploits the fact that celestial signals, like FRBs, occupy
localized regions in the time–frequency plane and exhibit power
levels significantly higher than their surrounding noises. By filtering
out lower-power samples, the target signal region becomes denser
than the surrounding filtered data. Subsequent density analysis meth-
ods then enable us to distinguish the signal location from background
noise within the spectrum.

The primary aim of DANCE is to project the time-frequency repre-
sentation into a signal density space (SDS) and subsequently identify
regions of higher density within this space. The SDS is represented
as a binary matrix with dimensions identical to those of the original
time–frequency representation. For each pixel 𝑝𝑖 𝑗 = (𝑡𝑖 , 𝑓 𝑗 ) in the
SDS, 𝑝𝑖 𝑗 = 1 if the corresponding pixel in the spectrum exceeds a de-
fined power threshold; otherwise 𝑝𝑖 𝑗 = 0. The distribution of positive
pixels thus characterizes the signal density derived from the spec-
trum, where genuine celestial signals, such as FRBs, are expected to
produce a substantially higher concentration of positive pixels than
random noise. The integrated flux in the signal’s frequency band con-
sequently exhibits a distinct peak. DANCE is specifically designed
to detect these high-density regions and to extract potential FRB
candidates.

As illustrated in Fig.1, the detection process comprises three prin-
cipal stages: (1) RFI mitigation using a two-dimensional discrete
wavelet transform (2D-DWT), (2) signal filtering via a running-mean
algorithm, and (3) signal extraction through DBSCAN clustering.

Figure 1. The detection process.

2.1 Two-dimensional discrete wavelet transform

We employ the 2-D DWT to obtain RFI-mitigated data and iden-
tify contaminated regions in the time-frequency spectrum. The one-
dimensional discrete wavelet transform (1-D DWT) decomposes a
discrete signal series,𝑆[𝑛], where 𝑛 = 0, 1, . . . , 𝑁 − 1, into ap-
proximation and detail at multi-resolution. The 2-D DWT extends
these principles to a two-dimensional time-frequency representa-
tion, 𝑆[𝑚, 𝑛], enabling independent decomposition along the time
(𝑚) and frequency (𝑛) axes.

For the 1-D DWT, a discrete signal, 𝑆[𝑛], is decomposed using a
scaling function 𝜙(𝑡) and a wavelet function𝜓(𝑡). The approximation
and detail coefficients at resolution level 𝑗0 and higher are defined
as:

𝑙 ( 𝑗0, 𝑚) =
𝑁−1∑︁
𝑛=0

𝑆[𝑛]𝜙 𝑗0 ,𝑚 (𝑛),

ℎ( 𝑗 , 𝑚) =
𝑁−1∑︁
𝑛=0

𝑆[𝑛]𝜓 𝑗 ,𝑚 (𝑛) ( 𝑗 ≥ 𝑗0),

(1)

where 𝜙 𝑗0 ,𝑚 (𝑛) = 2 𝑗0/2𝜙(2 𝑗0𝑛 −𝑚) and 𝜓 𝑗 ,𝑚 (𝑛) = 2 𝑗/2𝜓(2 𝑗𝑛 −𝑚)
represent the scaled and translated scaling and wavelet functions,
respectively. The scaling function acts as a low-pass filter, producing
approximation coefficients 𝑙 ( 𝑗0, 𝑚) that capture the coarse signal
structure, while the wavelet function acts as a high-pass filter, yielding
detail coefficients ℎ( 𝑗 , 𝑚) that represent high-frequency components
(Mallat 1999). In practice, the 1-D DWT is implemented using a filter
bank with low-pass and high-pass filters followed by downsampling,
as described by the fast wavelet transform (Strang & Nguyen 1996).

The 2-D DWT extends the same framework to a time-frequency
representation 𝑆[𝑚, 𝑛], where 𝑚 = 0, 1, . . . , 𝑀 − 1 and 𝑛 =

0, 1, . . . , 𝑁 − 1 denote time and frequency indices, respectively. The
2-D scaling and wavelet functions, 𝜙(𝑚, 𝑛) and 𝜓(𝑚, 𝑛), follow the
same propitiates as the 1-D cases. In practice, users commonly choose
separable functions to decompose the time-frequency representation
(with time and frequency samplings𝑚 and 𝑛). Following this idea, the
2-D form contains one scaling function and three wavelet functions,
they are

𝜙𝑙𝑙𝑗0 (𝑚, 𝑛) = 𝜙 𝑗0 (𝑚)𝜙 𝑗0 (𝑛),

𝜓ℎ𝑙
𝑗 (𝑚, 𝑛) = 𝜓 𝑗 (𝑚)𝜙 𝑗 (𝑛),

𝜓𝑙ℎ
𝑗 (𝑚, 𝑛) = 𝜙 𝑗 (𝑚)𝜓 𝑗 (𝑛),

𝜓ℎℎ
𝑗 (𝑚, 𝑛) = 𝜓 𝑗 (𝑚)𝜓 𝑗 (𝑛).

(2)

MNRAS 000, 1–12 (2025)



Detecting FRB by DANCE 3

Then we get four groups of coefficients through 2-D DWT, they are

𝐿𝐿 ( 𝑗0, 𝑚, 𝑛) =
𝑀−1∑︁
𝑚=0

𝑁−1∑︁
𝑛=0

𝑆(𝑚, 𝑛)𝜙𝑙𝑙𝑗0 (𝑚, 𝑛),

𝐻𝐿 ( 𝑗0, 𝑚, 𝑛) =
𝑀−1∑︁
𝑚=0

𝑁−1∑︁
𝑛=0

𝑆(𝑚, 𝑛)𝜓ℎ𝑙
𝑗 (𝑚, 𝑛),

𝐿𝐻 ( 𝑗0, 𝑚, 𝑛) =
𝑀−1∑︁
𝑚=0

𝑁−1∑︁
𝑛=0

𝑆(𝑚, 𝑛)𝜓𝑙ℎ
𝑗 (𝑚, 𝑛),

𝐻𝐻 ( 𝑗0, 𝑚, 𝑛) =
𝑀−1∑︁
𝑚=0

𝑁−1∑︁
𝑛=0

𝑆(𝑚, 𝑛)𝜓ℎℎ
𝑗 (𝑚, 𝑛).

(3)

Among these four groups of coefficients, The 𝐿𝐿 coefficients rep-
resent the approximation of 𝑆[𝑚, 𝑛], while the 𝐻𝐿, 𝐿𝐻, and 𝐻𝐻

coefficients capture horizontal, vertical, and diagonal details, respec-
tively. The 2-D DWT is computed by applying 1-D DWT sequentially
along the time and frequency axes, involving filtering and downsam-
pling operations (Strang & Nguyen 1996).

In our application, a multi-resolution 2-D DWT decomposes the
time-frequency representation into subbands at different scales, ex-
posing RFI as localized high-amplitude coefficients in the detail
subbands (𝐻𝐿, 𝐿𝐻, and 𝐻𝐻). RFI-mitigated data are obtained by
applying thresholding techniques (e.g., soft or hard thresholding) to
the wavelet coefficients and performing the inverse 2-D DWT (Of-
fringa et al. 2010). The choice of wavelet basis (e.g., Daubechies or
Haar) and decomposition levels depends on the RFI characteristics
and is typically determined empirically.

2.2 Density analysis

We employ a density analysis to identify FRB signals directly within
the time-frequency spectrum, rather than relying on the SNR of the
integrated profile. This approach consists of two key procedures:
signal filtering and density clustering.

Signal filtering is designed to identify “positive” signals in the
time-frequency space. In this context, a “positive” signal refers to a
sample whose power exceeds a predetermined threshold in the spec-
trum. Specifically, if the power of a sample surpasses this threshold,
its corresponding time-frequency location is considered a true value;
otherwise, it is classified as a false value. This method effectively
transforms the power spectrum into a binary dataset, wherein the
density of true signal positions in the vicinity of an FRB is expected
to be significantly greater than in other areas. Nevertheless, if the
FRB signal is weak (i.e., with a low SNR in the integrated profile),
both desired signals and noise (or omitted RFI) can be marked as
positive signals. We perform a second filter to the RFI-filtered data,
the method we use is the running mean. The running mean opera-
tion averages the energy of isolated outliers within a limited window,
helping to reduce noise and smooth outliers by sliding the window
along the data series. Mathematically, the smoothed signal is

𝑠new (𝑖) = { 1
𝑘

𝑗=𝑘−1∑︁
𝑗=0

𝑠(𝑖 + 𝑗), 𝑖 = 0, 1, 2, · · · , 𝑛 − 𝑘 − 1}, (4)

Given that DANCE focuses on extracting only the spectra area of
an FRB within the signal density space (SDS), we apply the run-
ning mean window exclusively within the bandpass for each temporal
recording. We then filter out signals that fall below a specified thresh-
old and flag the positions of positive signals in the time-frequency
space. The result of this filtering is a binary dataset, where positive

signal locations are represented by 1 and false cases by 0, visually
depicted as points in the time-frequency space.

After obtaining the density distribution of positive signals in the
time-frequency space, our subsequent objective is to cluster the dense
zones. We employ the DBSCAN method to identify potential dense
clusters. DBSCAN is a density-based technique to discover clusters
in a dataset with both designed signals and noise (Ester et al. 1996;
Khan et al. 2014), it is a supervised machine learning method without
designing the cluster numbers and types. The leading theories of
DBSCAN are density-reachability and density-connectivity (Ester
et al. 1996). Two key parameters dominate the clusters DBSCAN
can find, the neighborhood radius of a point Eps and the minimum
samples in the neighborhood radius, MinPts. For any sample 𝑝 in a
DBSCAN-identified cluster 𝐶, it must satisfy two conditions,

𝑁𝑢𝑚
p
Eps >= 𝑀𝑖𝑛𝑃𝑡𝑠,

𝑑𝑖𝑠𝑡p,q <= 𝐸𝑝𝑠.
(5)

The first relation indicates a density-reachable condition, while the
second relation pertains to density-connected conditions. Among
which, 𝑁𝑢𝑚p

Eps is the sample number of a circle centered at 𝑝 with a
radius is Eps, 𝑑𝑖𝑠𝑡𝑝,𝑞 is the distance between 𝑝 and its any neighbor-
ing samples 𝑞. FRB-signal regions in the smoothed time-frequency
space are dense and continuous in comparison with the noise. There-
fore a density-reachable and density-connected clustering can find
them well. In addition to the designed signals, noise can also be
grouped into various discrete and small-size clusters. Setting large
Eps and 𝑑𝑖𝑠𝑡𝑝,𝑞 prevents clustering the sparse noise, but that may
also leave out some weak FRBs. We choose small Eps and 𝑑𝑖𝑠𝑡𝑝,𝑞
for DANCE.

2.3 Cluster extraction

Dense analysis can generate various clusters when we choose an
easy density-connected condition. We need to gather the designated
cluster samples and accurately identify the actual location of the
FRB using the appropriate clusters. Cluster prominence is a valid
criterion since only astronomical signals that have a significant range
of frequencies and a wide pulse duration are capable of forming
extensive and compact clusters. We can calculate the pixel number
of a cluster sample to measure its prominence and extract the samples
with substantial coverage in the SDS by applying a statistical criterion
to all cluster sizes.

The extraction strategy is a Z-score transformation of the size
statistic. We calculate the Z-score of all identified clusters and then
filter the trivial samples. Mathematically, 𝑍 can be calculated like

𝑍 =
𝑥 − 𝜇

𝜎
, (6)

where 𝑥 is the size statistic of all clusters, 𝜇 and 𝜎 is the mean and
standard deviation of 𝑥. Prominent samples get high 𝑍 and it is easy
to extract them by a simple threshold filtering.

We also designed a double criterion to filter possible RFI or noise
clusters. Because the SDS is RFI-clean and noise-smooth, omitted
interference could be a baseline fluctuation or background noise.
Hence signal pixels of them in SDS are widely distributed. An FRB
pulse differs mainly in limited pulse width, as does its cluster. There-
fore, we also calculate the characteristic width of previously extracted
samples and exclude wide cases. The characteristic width is measured
by the maximum range of the sample in the temporal dimension.
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3 PROCESSING FLOW

This section describes the data processing and burst signal extraction
steps used by DANCE. We show the visual results of the key flows
using the actual observation data from FAST.

3.1 RFI mitigation and denoising

The strategy of most RFI mitigation techniques is flagging the RFI
blocks and then zapping them (Agarwal et al. 2020; Rafiei-Ravandi
& Smith 2023). Such an operation helps to enhance the SNR of
detection results in dedispersed integrated signals. However, a zapped
spectrum causes substantial signal density shifts that may bias cluster
formation. As we mentioned in Sec.2, DBSCAN is a density-based
connectivity approach that ceases clustering when encountering gaps
in the data, potentially preventing the formation of a continuous dense
cluster for the FRB signal.

To demonstrate the use of 2-D DWT for RFI reduction, we
use a dataset that exhibits significant interference. The frequency
range covered by this data, which was observed by FAST, is
1000–1500 MHz, and the duration time is 6.24 s. Both frequency
and time samples in the dataset are 4096. We removed the baseline
in the time dimension by deducting the mean power of each channel.
Fig.2 shows the RFI mitigation procedures. We first decompose the
data into multi-levels. In practice, the pixel resolution of the decom-
posed picture decreases in the form of 2𝑙 where 𝑙 is the level. For
example, the original data size is 4096×4096 in time and frequency
samples. When the decomposition level is 𝑙 = 5, the size of the “LL”
component should be 128×128, while the other components (“LH”,
“HL”, and “HH”) are 4096/2𝑖 × 4096/2𝑖 which 𝑖 is the output layer,
defines from 1 to 5. We then set a threshold filtering to all the lay-
ers, in which the values beyond ±1𝜎 are replaced by 0. The blank
data in panel (c) are the flagged outliers. Finally, we make a 2-D
inverse DWT by using the filtered decomposition layers and derived
reconstructed data, shown in panel (d).

The 2-D DWT method meets our density analysis requirements
and offers several benefits. First, it allows RFI elimination without
deleting data blocks. Second, only filtering a subset of the decon-
structed components keeps the desired signals. Even if RFI signals
are weaker than FRB signals, we can indicate them without erasing
the planned signals. The bias only occurs with clean data or strong
FRB signals.

3.2 Density analysis

The reconstructed spectrum is RFI-poor but is still not smooth due
to some isolated outliers and noises, shown in Fig.2 and Fig.3 (left
panel). As we introduced in Sec.2, outliers in the spectrum can con-
taminate the SDS.

We use a running filter to smooth the data and mitigate the fluctua-
tions of noise. The middle panel in Fig.3 is the smoothed signal of the
original spectrum (left panel), which shows that the new spectrum
is smooth except for the high-density zone which indicates an FRB
signal. The width of the running window in this case is 256 frequency
channels (∼ 30 MHz). It is important to note that the burst bandwidth
could be broadened after a smooth operation. The extension effect is
dependent on both the width of the running window and the signal
strength. We have a discussion about it in the next section.

The SDS is a presentation of pixel location where the signal power
is over an artificial strength threshold. To evaluate the density of SDS,
we apply a filtering process based on the Interquartile Range (IQR),
a measure of statistical dispersion. The IQR is the range between the

first quartile (25th percentile) and the third quartile (75th percentile)
of a data set, effectively capturing the spread of the central 50%
of the data. The right panel in Fig.3 is an SDS with a threshold at
1.5 IQR (beyond the 75th percentile of the signal power statistics). We
perform a DBSCAN clustering analysis of the density distribution
in SDS (Fig.3, right panel). As we introduced in Sec.2, Eps and
MinPts determine how the DBSCAN defines a density-connected
set. The MinPts is an easier-set parameter for DBSCAN. A relatively
small MinPts helps include all possible clusters. Usually, setting
MinPts to twice the dimensionality of the data, i.e., 𝑀𝑖𝑛𝑃𝑡𝑠 = 4, or
near this value, is suitable for most density analysis cases (Sander
et al. 1998; Schubert et al. 2017). The other parameter Eps is harder
to set as it depends on the distance of the neighboring samples
in the wanted clusters, which is a posterior measurement. Some
researchers suggested adaptive mathematical approaches to calculate
and get appropriate Eps before performing clustering (Ester et al.
1996; Starczewski et al. 2020). For FRB clustering, we determine the
Eps and MinPts according to the FRBs’ morphological characters.
Being different from traditional point sets, the SDS are projection
of a filtered spectrum. The majority of the points are locations of
RFIs or noises. Clusters defined by them are random, sporadic, and
small in size. On the contrary, the FRB clusters should be larger
denser zones gathered with continuous points. Therefore we choose
a larger MinPts, thus helping to pass most noise clusters. We define a
dimensionless density parameter 𝜌 to replace MinPts, i.e. 𝑀𝑖𝑛𝑃𝑡𝑠 =

⌈𝑆𝜌𝑁0⌉, in which 𝑆 (in pixel2) is a clustering cell area determined by
radius Eps, and 𝜌 as the multiple of the average number of elements
per pixel (𝑁0) in the SDS.

Considering that the narrow burst can exhibit a short duration
within a timescale at tens of microseconds (or even narrower) (Farah
et al. 2018; Chime/Frb Collaboration et al. 2020b), we set 𝐸𝑝𝑠 = 2
which is twice the sampling timescale (49.152 𝜇𝑠) of the FAST. By
filtering the spectrum using 1.5 times the IQR, we remove outliers and
focus on the core clusters in SDS. This results in a background point
density of 0.25 per pixel.Thus, the appropriate density parameter for
DBSCAN is 1 ≤ 𝜌 ≤ 4.

A larger 𝜌 helps to extract stronger signals, we suggested 𝜌 ∼ 2 is
suitable for clustering signals from noises as well as possible. Fig.4
shows the result of FRB detection with DANCE. The left panel is
the DBSCAN-identified clusters. Here the radius of the scan circle
Eps is set as 2 pixels. The density-reachable threshold, MinPts is
set as 2 times larger than the sample density of SDS. We totally
identified 25,023 clusters in this SDS, and we get two prominent
samples, which are labeled as -1 and 13,180, shown in the middle
panel. We use the number of samples a cluster contains to indicate its
size. Among them, the cluster with the label 13,180 is the projection
of an FRB while the most prominent cluster is the global background
noise.

3.3 Cluster extraction

We extract prominent clusters based on their sizes. A statistic of the
cluster size is represented in Fig.4, the middle panel. We calculated
the statistical Z-score (𝑍) of these cluster sizes, and 𝑍 scores are
shown in Fig.5, left panel. This case shows two prominent clusters
with 𝑍 > 3. We then calculate the characteristic pulse width of each
cluster, shown in the middle panel of Fig.5. As we have introduced
in Sec.2, secondary filtering is necessary to remove some RFI- or
background noise-clusters. We use the scale of temporal coverage of
a cluster to define its pulse width. The middle panels indicate that the
width of the background noise-cluster covers the whole observation
subband (∼ 200 ms).
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(a) raw data (b) decomposed data (c) RFI flagging (d) reconstructed data

Figure 2. RFI mitigation using the 2-D DWT for strong FRB signals. (a) The original data containing three FRB bursts, with the top panel showing the integrated
signal. (b) The wavelet decomposition at the third level, displaying the four subcomponents “LL, LH, HL, and HH”, respectively. Among these, “LL” represents
the low-frequency approximation of the raw data, “HL, LH” extract horizontal and vertical features of the data, respectively, and “HH” captures fine-scale
details. The decomposition is performed over five levels, with the third-level components shown here as representative examples. (c) RFI identification, where
blanked regions indicate flagged interference at a 1 𝜎 threshold. “HL” component is retained unflagged, as the desired FRB signals are primarily represented
in this channel. (d)The reconstructed data obtained after RFI removal from the decomposed components. All panels share an identical color scale for direct
comparison.

Figure 3. Transformation from the reconstructed spectrum to the signal den-
sity space (SDS). The left panel shows the reconstructed data; the middle panel
displays the smoothed data; and the right panel presents the corresponding
signal density representation. A weak FRB signal is visible within the region
at 0.04-0.045 s in time and approximately 1300-1500 MHz in frequency.

Though vast sporadic noises have comparable widths with FRB
signals (e.g. 1-10 ms), their sizes are trivial. We extract the FRB clus-
ter by setting thresholds to cluster sizes and widths. In this case, we
choose cluster samples with 𝑍 > 3 and 𝑊 < 100 (ms). FRB signals
are the only sample that has both a prominent size and reasonable
pulse width, as shown in the fight panel. By using DANCE we can
extract the weak FRB with more convincing visible detection results
than the common integrated profile method.

4 RESULTS

4.1 Detection on simulated FRBs

We evaluate the capability of DANCE by detecting simulated FRBs
in random noise. The experiment strategy is to produce stimulative
FRB signals with various strengths in background data, and then
use DANCE to extract the targets. By counting false and missing
identification cases, we finally approximate the detection limits of
DANCE.

Figure 4. DBSCAN-identified clusters. The top color bar indicates different
clusters. Left: all separated cluster samples in the SDS of Fig.3, with each
color representing a distinct cluster. Middle: the size of each cluster sample,
measured by the proportion of pixels each cluster occupies. Two notable
clusters are labeled -1 and 13180 in the color bar, with sizes of 54% (log10 =

−0.64) and 1% (log10 = −2), respectively. Right: the five largest cluster
samples, including the background noise (label -1), an FRB signal (label
13180), and three other noise clusters.

For the background data, we generate a matrix with a dimension is
4096×4096. The element values of the data block follow the Gaussian
distribution with a mean value of 0 and a standard deviation of 1. We
take the noise data as a spectrum background, in which the integration
time and frequency bands are assumed at 200 ms and 500 MHz. For
the simulated burst, we use a two-dimensional Gaussian function
to generate FRB signals. Assuming the signal strength is 𝐹 ( 𝑓 , 𝑡) at
𝑓 MHz and 𝑡 ms, it has the form like

𝐹 ( 𝑓 , 𝑡) = 𝐴𝑒
−( (𝐶t−𝑡 )2

2𝜎2
t

+ (𝐶f− 𝑓 )2

2𝜎2
f

)
.

(7)

Here 𝐴 dominates the strength, i.e. the SNR, of the integrated pulse.
𝐶𝑡 and 𝐶 𝑓 indicate the center location of the signal at time and fre-
quency, respectively. During the simulation, our progress randomly
generated three parameters 𝐴, 𝜎𝑡 , and 𝜎 𝑓 , which control the pulse
strength, width, and bandwidth, respectively.

Fig.6 presents combined data (left panel) and the simulation data
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Figure 5. Cluster extraction based on Z-score and pulse width. The color bars
at the top indicate the cluster labels. Left: Z-score of all cluster sizes in the
SDS of Fig.3, each color indicates a cluster. Middle: the pulse width of each
cluster sample. Right: the filtered FRB cluster with a Z-score of 3.6 and a
pulse width of 4.1 ms, respectively. This cluster has been filtered out based
on a criteria of 𝑍 > 3 and 𝑊 < 100.

Figure 6. A presentation of a simulated FRB. The left panel is the data mixed
with noise and analog FRB signal. The right panel is the simulated FRB
signal. The pulse width is 9 ms, which is denoted by the vertical red lines.
The bandwidth is 140 MHz and the SNR of the combined signal is ∼ 8.3.

(right panel). The artificial FRB in this case located at the center of the
spectrum, with a pulse width of 9 ms and a bandwidth of 140 MHz.
Here we define the pulse width 𝑊p (in bins) as the full-width half
maximum (FWHM) of the peak of the integrated simulated pulse.
The SNR of the combined integrated signal is ∼ 8.3, which was
calculated by

𝑆𝑁𝑅 =
1√︁
𝑊p𝜎

𝑛bins∑︁
𝑖=1

𝑝simu, (8)

where 𝜎 is the standard deviation of the integrated time series of the
background data, and

∑𝑛bins
𝑖=1 𝑝simu denotes the summed power of the

simulated gaussian pulse within the FWHM.
Fig.7 is the detection result of the simulated signal above. The

right bottom panel shows that DANCE finds this burst correctly. We
use DANCE to process the simulated data, the total sample number
(𝑆𝑁) is 2,550. Among these samples, the pulse width ranges from
1 ms to more than 10 ms; and the bandwidth ranges from 100 MHz
to 500 MHz. The SNR varies from less than 2 to greater than 8.
We counted the true positive samples and false positive samples and
recorded the number of the two samples as 𝑇𝑁 and 𝐹𝑁 . We use the
concept of recall and precision to test the performance of DANCE on

Figure 7. A presentation of the detection result of DANCE to the data shown
in Fig.6. The progress DANCE first smooths the data and then filters the
smoothed data according to the strength values of each pixel. The cluster data
is derived by performing the DBSCAB on the binary data, and the final burst
data is filtered by the size and width of the clusters.

Figure 8. Recall and precision of DANCE based on simulated FRBs.

simulated FRBs. Because we do not set negative samples (i.e. a data
set without simulating FRB signals), the recall and precision can be
calculated as

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑆𝑁
;

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
.

(9)

We conducted a series of simulations to evaluate the performance
of DANCE. The simulated bursts span an SNR range from below 2
to above 8. Two parameter sets were tested, with Eps = 2 and Eps
= 4, respectively. For each Eps value, we explored various density
thresholds, 𝜌. Fig.8 presents the recall and precision achieved with
Eps = 4 and 𝜌 = 1.6, 1.8, 2.0, and 2.2. Since the detection sensitivity
with Eps = 4 is excessively high for bursts with SNR ≳ 3, we focus
primarily on the results obtained with Eps = 2. The results indicate
that an appropriate density parameter should be smaller than 2. Con-
sidering bursts with SNR ≥ 5 as representative of convincing FRB
signals, the recall and precision reach 0.98/0.90 for 𝜌 = 1.6 and
0.93/0.94 for 𝜌 = 1.8.

It should be noted that the recall and precision of signal detection
based on simulation data are usually biased from real data, especially
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when the real data contains unstable RFI (Yuan et al. 2022). We will
present the performance of DANCE on real FRBs in the next section.

4.2 Detection on FRB20201124A

We test the performance of DANCE with a real observation case
of FRB 20201124A. This is a highly active repeater that was first
discovered by the Canadian Hydrogen Intensity Mapping Experiment
Fast Radio Burst (CHIME/FRB) (Chime/Frb Collabortion 2021).
The data we examined was observed by FAST on September 29th,
2021, at a period of heightened activity for this source. (Zhou et al.
2022; Zhang et al. 2022; Jiang et al. 2022; Niu et al. 2022).

The observation time is 1 hour and the frequency band covers from
1000 to 1500 MHz. The time and frequency resolutions are 49.152
𝜇𝑠 and 0.122 MHz. We de-disperse at first and then split the data into
subsets without any time or frequency down-sampling. Every subset
remains the same dimension (4096 × 4096) with the simulated data.
The parameters we adapt also remain the same with the experiment
on simulated bursts.

We totally processed 17,263 data sets (0.2 s for each one), and the
positive samples are 4000. The parameters for cluster forming and
extraction are 𝐸𝑝𝑠 = 2; 𝑀𝑖𝑛𝑃𝑡𝑠 = 6 and 𝑍 = 3. We down-sampled
every positive data set to a 256 × 256 spectrum and then identified
the real burst by eye. We confirmed 652 true bursts from the positive
triggers at last. As a comparison, the number of reported bursts in this
data set is 500 (Zhang et al. 2022). Among the signals we certified,
there are many extremely weak signals whose SNR is far below
3𝜎. Fig.9 and 10 show parts of the weak bursts. Interestingly, these
weak bursts are not only isolated within a short timescale (0.2 s) but
also closely leading or following strong bursts. We defined these two
types of weak bursts as isolated and associated weak bursts. Such
pre- or post-cursor weak burst components are also mentioned in
other repeaters, like FRB 2020121102 (Caleb et al. 2020).

The successful capture of weak FRBs at the noise level is the
advantage of DANCE over approaches based on integrated profile
strength. Nevertheless, we also notice that the precision is not com-
parable with the experiments on simulated data. Misidentifications
could be an unavoidable cost for weak FRB extraction as the RFI in
real data is more complex than simulated Gaussian noise. Indeed, a
high parameter level will definitely improve the precision, but it will
also lead to an under-reporting of parts of weak FRBs. We suggest
that it is worthwhile to sacrifice precision to improve the detection
ability of weak signals, especially since the DANCE provides a visual
advantage that greatly reduces the manual confirmation work.

5 DISCUSSION

DANCE shows high sensitivity in identifying weak FRBs that remain
indiscernible in conventional profiles. However, these target signals
are de-dispersed, and the detection performance depends critically
on the choice of parameters. In this section, we discuss the trials of
blind searching of FRBs under different parameter settings.

The two key parameters, Eps and 𝜌 (i.e. the MinPts), determine the
minimum spatial extent and density threshold required for a cluster
to be identified. For a randomly distributed SDS, assuming that the
point density is 𝜌0 per pixel (𝜌0 = 0.25 when the spectrum is filtered
at a 1.5 IQR level), and given clustering parameters Eps and 𝜌, then
the probability of forming a cluster in the area is

𝑃𝑆,𝜌 = 𝐶
⌈𝑆𝜌𝜌0⌉
⌈𝑆⌉ 𝜌0⌈𝑆𝜌𝜌0⌉ , (10)

where 𝑆 ∼ 𝜋𝐸𝑝𝑠2. Theoretically, increasing either Eps or 𝜌 reduces

the probability of noise-induced clustering, thereby improving the
reliability of true signal identification. Meanwhile, overly large pa-
rameter values may also suppress weak or small-scale signals.

In practice, adopting multiple parameter combinations can be ad-
vantageous when dealing with complex burst morphologies. Fig.11
illustrates clustering results for several bursts with distinct band-
widths, durations, and intensities. A suggested detection approach,
using Eps = 2, 𝜌 = 1.9 successfully identifies all isolated structures,
while a second configuration with Eps = 6 and 𝜌 = 2.5 detects
all bursts as well, and producing clusters confined to more precise
time–frequency regions.

We use DANCE to extract a non-dispersed FRB under different
cluster parameters, shown in Fig.12. The left top panel shows the
FRB signal and the other panels are clusters extracted by DANCE.
Among the cluster panels, the three in the right column are the whole
clusters of DBSCAN. We present all the clusters because DANCE
detected no positive samples under the corresponding parameters.

This burst is the sample shown in the top left panel of Fig.10
(MJD=59485.78380). We downsample the spectrum to a 4096×4096
matrix, the time resolution is 0.2 s. Thus the original triple compo-
nents burst was compressed together. The Eps and MinPts set for
DBSCAN were labeled in each panel. The cluster extraction thresh-
old 𝑍 is 3. For each group of Eps, low density causes sporadic
noise or RFI clusters (left panels), and high density leads to discrete
FRB clusters, which have small sizes and can not pass the extraction
threshold.

The clustering to non-dispersed FRB demonstrates the capability
of DANCE for FRB searches. Using this method, one can detect a
pulse without performing de-dispersion. That is, we can use DANCE
search FRB or other transit pulses without much computational re-
sources and providing immediate visual assessment, and provide a
rapid initial check for the presence of transient bursts in an observa-
tion. Nevertheless, there are limitations of DANCE in bland searches.
First, it is parameter-dependent: FRBs with different DMs have vary-
ing distributions in the time-frequency domain, so DANCE may be
triggered under different density-reachability and connectivity con-
ditions. Second, only strong pulses might be clustered in relatively
larger scale and density parameters. Third, DANCE does not provide
DM information.

This limitation arises from the intrinsic behavior of the underlying
DBSCAN algorithm, whose effectiveness strongly depends on the ge-
ometric morphology of the target signal(Ester et al. 1996). DBSCAN
defines clusters as regions of high point density in a metric space, i.e.
points shared a same cluster are neighbored in Euclidean distance,
which defines as 𝑑𝑖𝑠𝑡p,q =

√︁
(𝑥𝑝 − 𝑥𝑞)2 + (𝑦𝑝 − 𝑦𝑞)2. Thus a neigh-

bouring clustered samples approximately forms an isotropic circular
or elliptical zone in the feature space. In the case of non-dedispersed
signals, the intrinsic geometry of the burst is highly anisotropic, ap-
pearing as a long, tilted track across the time–frequency plane due
to dispersion. This mismatch between the isotropic distance metric
and the anisotropic signal structure can lead to cluster fragmentation
or reduced recall, as distant parts of the same burst fall outside the
defined neighborhood radius 𝐸𝑝𝑠.

Furthermore, in non-dedispersed data, the effective density of sig-
nal points projected along the dispersion track is substantially lower
than that in dedispersed data. Consequently, achieving the 𝑀𝑖𝑛𝑃𝑡𝑠

threshold for core point identification becomes more difficult. In-
creasing the neighborhood size 𝐸𝑝𝑠 can partially compensate for
this effect, but it also increases the inclusion of noise, thereby re-
ducing precision. Consequently, DBSCAN—and thus DANCE–has
limited sensitivity to weak, dispersed bursts; typically, only strong
initial pulses can be clustered with a positive response of DANCE.
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Figure 9. True FRB signals — isolated weak bursts. In all of these subfigures, the top panels are integrated profiles of the RFI-cleaned data, which have been
16-downsampled in both the frequency and time domains to provide a better representation of the bursts shown below the profiles. The bottom two panels show
the signal density representations and the extracted burst labels. Because these bursts appear in isolation within 0.2 s, we named these bursts as isolated weak
bursts.
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Figure 10. True FRB signals — associated weak bursts. The difference between these panels and the figures in Fig.9 is that weak bursts here (red clusters) are
accompanied by relatively strong bursts (black clusters) within a character timescale like 0.2 s. We defined such bursts as associated weak bursts.
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Figure 11. Clustering of FRBs under different parameter settings. The top
panel shows a smoothed spectrum containing several bursts, while the six
bottom panels display the ten most significant clusters identified under varying
(Eps, 𝜌) combinations, as indicated in each panel.

Moreover, since different dispersion slopes correspond to distinct
track geometries, the detection sensitivity may vary even for bursts
of comparable intrinsic strength. It prevents a unified quantitative
assessment of DANCE’s performance on non-dedispersed data.

Despite these limitations, DANCE remains a useful tool for pre-
liminary detection in raw, non-dedispersed data. It can efficiently
highlight strong transient candidates without the need for compu-
tationally expensive dedispersion trials. Once such candidates are
triggered, a subsequent dedispersed, post-processed search can be
conducted with optimized parameters to achieve higher sensitiv-
ity and completeness. This two-step strategy effectively combines
DANCE’s robustness with improved performance after dispersion
correction.

6 CONCLUSION

We developed an unsupervised method, DANCE, to detect and isolate
FRB signals in the original spectrum, providing visual identification
of their precise time-frequency locations and detailed morphology.
DANCE demonstrates reliable accuracy in detecting weak FRBs;
simulations indicate that for FRBs with 𝑆𝑁𝑅 > 5, the detection pre-
cision reaches 93%. The practical performance on real observation
shows that DANCE has uncovered numerous previously undetected
weak, narrow-band FRBs in historical datasets. This method shows
promise as a powerful tool for identifying and distinguishing weak
FRBs, even in cases where they are located very close to stronger
signals.
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Figure 12. DANCE performance on non-dispersed FRB signals. The top-left sub-panel displays the original spectrum. The three sub-panels in the right column
present all identified clusters of the spectrum using different clustering parameters before final extraction. The remaining sub-panels present the filtered clusters
as the final results.
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