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Abstract

Active galactic nuclei (AGNs) are known to exhibit stochastic variability across a wide range of timescales and
wavelengths. AGN flares are extreme outbursts that deviate from this typical behavior and may trace a range of
energetic physical processes. Using 6 yr of data from Zwicky Transient Facility Data Release 23, we conduct a
systematic search for AGN flares among a sample of well-sampled AGNs and AGN candidates. We construct two
catalogs: the AGN Flare Coarse Catalog, containing 28,504 flares identified via Bayesian blocks and Gaussian
processes, and the AGN Flare Refined Catalog, comprising 1984 high-confidence flares selected using stricter
criteria. We analyze their spatial distribution, temporal characteristics, host-AGN type, and potential origins.
Some flares can be associated with known supernovae, tidal disruption events, or blazars, and a few may be linked
to binary black hole mergers or microlensing events. These catalogs provide a valuable resource for studying
transient phenomena in AGNs and are publicly available in the online machine-readable table and on GitHub.

Unified Astronomy Thesaurus concepts: Active galactic nuclei (16); Quasars (1319)
Materials only available in the online version of record: machine-readable table

1. Introduction

Active galactic nuclei (AGNs) are extremely luminous
sources powered by accretion onto supermassive black holes
(SMBHs), and they exhibit significant variability across
different wavelengths (M.-H. Ulrich et al. 1997; B. C. Kelly
et al. 2009). The optical light curves of AGNs often show
stochastic brightness fluctuations on timescales from days to
years, commonly modeled by a one-dimensional damped
random walk (DRW; C. L. MacLeod et al. 2010; S. Kozłowski
2016). These fluctuations can be attributed to various
processes occurring near the SMBH, such as accretion-disk
instabilities (D. Trèvese & F. Vagnetti 2002), disk inhomo-
geneities (J. Dexter & E. Agol 2010; Z.-Y. Cai et al. 2016,
2018), or X-ray reprocessing (A. Kubota & C. Done 2018), but
the primary origin is still under debate. In addition to the
general optical variability of AGNs over different timescales, a
subset of these systems exhibit transient and extreme events,
known as AGN flares (A. Lawrence et al. 2016; M. J. Graham
et al. 2017). These events represent a significant departure
from the typical stochastic variability of AGNs, yet their
origins remain largely uncertain.

A growing body of theoretical work suggests that many of
these extreme flaring events may originate from stellar and
compact objects embedded in AGN accretion disks, broadly
referred to as accretion-modified stars (AMSs; J.-M. Wang
et al. 2021a, 2021b; J.-R. Liu et al. 2024). Within such dense

and gas-rich environments, stars may evolve rapidly and end
their lives as supernovae (SNe; F.-L. Li et al. 2023), or be
tidally disrupted by the central SMBH (T. Ryu et al. 2020) or
stellar-mass black holes (BHs; Y. Yang et al. 2022). These
processes contribute to the metal enrichment of the AGN disk
(J.-M. Wang et al. 2023) and the formation of compact objects.
A large population of compact objects can form binaries
(C. Rowan et al. 2023; Y. Wang et al. 2024) and undergo
mergers (B. McKernan et al. 2020a). The resulting coales-
cences can produce gravitational waves and potentially be
accompanied by observable electromagnetic signals, including
transients from white dwarf collisions (S.-R. Zhang et al.
2023), kilonova emission from neutron star–neutron star or
neutron star–BH mergers (J. Ren et al. 2022), and flares from
binary BH mergers (M. J. Graham et al. 2020, 2023)
These scenarios offer a unified framework for interpreting

diverse AGN-flaring phenomena and highlight the importance
of searching for AGN flares as a means to probe the AMS
populations. In addition, AGN flares serve as valuable
diagnostics of accretion physics. Their timescales and
amplitudes may constrain the properties of AGN disks and
act as important probes for accretion rates (J. J. Ruan et al.
2016; M. J. Graham et al. 2017). Multiepoch spectroscopy
during the period of the flares further enables reverberation
mapping to get the location of the emission region, helping
constrain the structure of the AGN disk (A. V. Payne et al.
2023; T. Cabrera et al. 2024).
Recognizing their scientific potential, several systematic

searches have been conducted to identify AGN flares
(A. Lawrence et al. 2016; M. J. Graham et al. 2017), utilizing
data from large surveys like the Panoramic Survey Telescope
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and Rapid Response System (Pan-STARRS, N. Kaiser et al.
2010), Sloan Digital Sky Survey (SDSS; B. Sesar et al. 2007),
and Catalina Real-time Transient Survey (A. J. Drake et al.
2009). These studies have primarily focused on detecting long-
duration, high-amplitude variability events, primarily due to
the limited observational cadence of these surveys.

The emergence of high-cadence time-domain facilities, such
as the Zwicky Transient Facility (ZTF; E. C. Bellm et al. 2019;
M. J. Graham et al. 2019), the Wide Field Survey Telescope
(T. Wang et al. 2023), and the Vera C. Rubin observatory
(LSST Collaboration et al. 2017; Ž. Ivezić et al. 2019), would
be able to capture many more AGN flares across a wide range
of timescales. These advances would facilitate the discovery
and characterization of AGN flares, offering deeper insights
into the physical mechanisms driving such outbursts.

To fully utilize the data from modern high-cadence surveys,
recent studies have proposed the use of Gaussian processes
(GPs) for the detection of AGN flares (S. A. J. McLaughlin
et al. 2024). M. J. Graham et al. (2023) applied a GP-based
technique to separate flaring events from typical AGN
variability, while L. He et al. (2025) further demonstrated
that applying such methods to larger datasets significantly
improves the reliability of flare identification. Motivated by
these developments, we carry out a systematic search for AGN
flares in ZTF Data Release 23 (DR23) using a GP-based
approach, aiming to construct the most comprehensive catalog
of such events to date.

The outline of this paper is as follows. In Section 2, we
describe the ZTF dataset and the AGN catalogs used in this
work. In Section 3, we introduce the flare-detection method,
including GP modeling and the selection criteria used to
construct two catalogs: the AGN Flare Coarse Catalog
(AGNFCC) and the AGN Flare Refined Catalog (AGNFRC).
In Section 4, we present the statistical properties of the
detected flares. In Section 5, we discuss their potential origins.
Finally, we summarize our main findings in Section 6.

2. Data

2.1. ZTF DR23

The ZTF is a wide-field time-domain survey utilizing a
47 deg2 field-of-view camera mounted on the Palomar 48 inch
Samuel Oschin Schmidt telescope. Designed to systematically
explore transient and variable phenomena with high cadence
and sensitivity (E. C. Bellm et al. 2018; M. J. Graham et al.
2019), ZTF has been operating since 2018 March, covering
approximately 3π sr across the northern sky (E. C. Bellm et al.
2019). For the northern sky of decl. >−31°, ZTF operates two
primary observing programs: the Galactic Plane Survey,
which targets fields with |b| < 7° at a 1 day cadence, and
the Northern Sky Survey, which observes fields with |b| > 7°
at a 3 day cadence. Both surveys acquire data in the g and r
bands, providing dual-band light curves for each source.

Our analysis is based on ZTF DR23, publicly released on
2025 January 21. This release consolidates all observations
from public surveys up to 2024 October 31 and private surveys
prior to 2023 June 30, providing one of the most comprehen-
sive time-domain datasets to date for the northern sky.

2.2. AGN Catalogs

To extract AGN light curves from ZTF DR23, we need to
positionally crossmatch ZTF sources with preexisting AGN

catalogs that provide reliable classifications and positions. All
the catalogs we used in this work are shown as follows.
Million Quasars Catalog (Milliquas, v8, E. W. Flesch 2023).

A comprehensive catalog of spectroscopically confirmed AGNs
and high-confidence AGN candidates (pQSO � 99%), compiled
from all published papers up to 2023 June 30. It contains
1,021,800 sources, with >90% having spectroscopic redshifts
and the remainder utilizing photometric redshifts. This catalog
incorporates astrometric corrections to historical positional
errors and integrates high-precision multisurvey data, delivering
the most precise locations.
DESI AGN Catalog (DESI Collaboration et al. 2025). The

Dark Energy Spectroscopic Instrument (DESI) has conducted
the most extensive extragalactic spectroscopic redshift survey
to date. Its first data release (DR1) provides high-confidence
redshifts for approximately 18 million objects across over
9000 deg2. In this work, we use the subset of objects labeled
with SPECTYPE = “QSO” in the DESI value-added catalog6

(S. Juneau et al. 2025, in preparation), which includes a total of
1,772,694 AGNs. This represents the largest spectroscopic
AGN sample available to date, making it a valuable source for
statistical studies of AGN.
LAMOST AGN Catalog (Y. L. Ai et al. 2016; X. Y. Dong

et al. 2018; S. Yao et al. 2019; J.-J. Jin et al. 2023). A set of
spectroscopically confirmed AGNs from the Large Sky Area
Multi-Object Fiber Spectroscopic Telescope (LAMOST)
quasar survey conducted between 2011 and 2021. The full
sample contains 55,636 quasars, of which over 30,000 are
independently discovered. All spectra are recalibrated using
SDSS or Pan-STARRS photometry, and the key spectral
properties, including emission-line widths, continuum lumin-
osities, and BH masses, are homogeneously measured.
Quaia AGN Catalog (K. Storey-Fisher et al. 2024). An all-

sky catalog constructed from sources identified as quasar
candidates in Gaia Data Release 3 (C. A. L. Bailer-Jones et al.
2023), initially comprising 6,649,162 candidates with redshift
estimates derived from the low-resolution BP/RP spectra. To
improve the purity of the sample, these candidates are
crossmatched with the unWISE infrared catalog (E. F. Schlafly
et al. 2019) and refined by applying cuts based on color and
proper motion to reduce contamination. Redshift estimates are
subsequently improved using a k-nearest neighbors model
trained on spectroscopically confirmed quasars. The final
catalog contains 1,295,502 quasar candidates with Gaia G-
band magnitudes brighter than 20.5.
WISE AGN R90 Catalog (R. J. Assef et al. 2018). A mid-

infrared selected catalog of AGNs identified from the Wide-
field Infrared Survey Explorer AllWISE Data Release.7 AGN
candidates are selected using stringent color cuts in the W1
(3.4 μm) and W2 (4.6 μm) bands, which are optimized for
90% reliability. Contaminants are mitigated through spatial
filtering (e.g., Galactic plane exclusion) and artifact rejection,
yielding 4,543,530 AGNs across 30,093 deg2 of extragalactic
sky. This represents one of the largest AGN samples available
and provides a foundational resource for systematic studies
of AGN.
To remove duplicate entries across the various AGN

catalogs, we perform a crossmatch of all sources using a 1″
radius. After eliminating overlaps, the final combined AGN

6 https://data.desi.lbl.gov/public/dr1/vac/dr1/agnqso
7 http://wise2.ipac.caltech.edu/docs/release/allwise/
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sample contains 6,602,925 unique sources. Figure 1 shows the
spatial distribution of these AGNs, where the color of each
pixel reflects the number of objects in that region of the sky,
and each pixel covers an area of approximately 0.84 square
degrees. Figure 2 presents the redshift distributions of AGNs
from different catalogs.

2.3. Preprocessing

We retrieve all light curves within the ZTF DR23 dataset
using the bulk download option described in Section 12.c of
the ZTF DR23 document.8 These light curves are generated
from positionally matched sources detected across epochs
using the PSF-fit photometry catalogs, with the reference
image catalog serving as the seed for position matching
(F. J. Masci et al. 2018). Each light curve contains the
Heliocentric-based Modified Julian Date, the point-spread
function magnitude, 1σ photometric uncertainty, and corresp-
onding photometric/image quality flags (catflags) for
every observation. ZTF assigns unique object identifiers to
sources based on combinations of R.A., decl., filter, field, and
charge-coupled device quadrant. We focus on the g- and r-
band data for their regular cadence and sky coverage
(E. C. Bellm et al. 2019), excluding the i band due to its
insufficient sampling and limited source coverage.

Similar to M. J. Graham et al. (2023), we crossmatch AGN
positions from the combined catalog with ZTF DR23 sources
using a 3″ matching radius, resulting in approximately 3.6
million AGN light curves. To ensure sufficient sampling and
data quality for flare detection, we require each light curve to
contain more than 30 observations per band after removing
epochs with catflags> 0. This threshold is conservatively
chosen given ZTF’s 6 yr baseline and is intended to provide
sufficient temporal coverage for distinguishing flares from the
AGN intrinsic variability. Figure 3 presents the distribution of
valid ZTF detection counts per AGN in the g and r bands.
Most AGNs have several hundred observations per band,
ensuring robust coverage for variability analysis. The number
of sources in each AGN catalog is shown in Table 1.

We employ a hybrid sigma-clipping algorithm to suppress
noise while preserving astrophysical signals. Points deviating
>3σ from the median flux are flagged as outliers, and single

outliers are removed, whereas >2 consecutive outliers or
isolated outliers surrounded by points >2.5σ are retained as
potential flare signatures. Finally, cleaned light curves are
binned into 3 day intervals to enhance the signal-to-noise ratio
for flare detection, using the inverse-variance weighting based
on the photometric errors when computing the average flux in
each bin.

3. Method

3.1. Gaussian Processes

We model the intrinsic AGN variability using GP regres-
sion, which is an interpolation method based on GP governed
by prior covariances (J.-P. Chilès 2012). Formally, a GP
is a collection of random variables with a Gaussian joint
distribution (C. E. Rasmussen & C. K. I. Williams 2006). GPs
characterize the covariance structure of data through a mean
function and a kernel, which encapsulates prior assumptions
about the system’s behavior, such as smoothness, periodicity,
or multiscale correlations.
In this work, we adopt the median of the light curve as the

mean function, which is robust to outliers and typical
stochastic AGN variability. As for the covariance function,
we utilize the Matern-1/2 function:

k t t
t t

, exp , 12( ) ( )=

where ρ (variability amplitude) and τ (characteristic timescale)
are hyperparameters. This kernel has proven to be effective in
modeling AGN light curves (R.-R. Griffiths et al. 2021) and it
is computationally friendly.
Given N observations y yi i N1, ,{ }= = … with uncertainties

σ = {σi} at times t = {ti}, the covariance matrix becomes

K k t t, , 2ij i j ij i
2( ) ( )= +

where δij is the discrete Kronecker delta function. The
marginal log likelihood of observed data is

L y m K y m K
N

log
1

2

1

2
log

2
log 2 ,

3

T 1( ) ( )

( )

=

where the vector m represents the mean function.
For a given AGN light curve, the hyperparameters {ρ, τ} in

the GP model can be optimized via maximum-likelihood
estimation. In S. A. J. McLaughlin et al. (2024), GPs are employed
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Figure 1. Mollweide projection of the sky positions in equatorial coordinates
of the objects used in this work. The resolution is that of a HealPix map with
NSIDE = 64.
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8 https://irsa.ipac.caltech.edu/data/ZTF/docs/releases/dr23/ztf_release_
notes_dr23.pdf
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to detect AGN flares by comparing the hyperparameters of
individual AGNs to the overall hyperparameter distribution of
the AGN population, with deviations potentially indicating the
presence of a flare. However, since short-duration flares
exert minimal influence on the parameter fits, this method is
primarily sensitive to long-duration flares. In contrast,
M. J. Graham et al. (2023) proposed a change-point detection
method, in which a GP model is first fitted to the AGN light
curve, and any variability within a specific time window that
significantly deviates from this fitted model is identified as a
potential flare. In this work, we extend the approach from
M. J. Graham et al. (2023) to detect flares of all durations
across a large AGN sample.

If a flare occurs within a short segment of the light curve,
then the hyperparameters ρ0 and τ0 obtained from the whole
light curve no longer adequately capture the variability during
the flare. This inadequacy arises because the GP mode, trained
on the baseline data, is not designed to account for the
additional features introduced by the flare. To assess the
deviation, a test statistic analogous to it is defined as follows:

y m K y m , 4T
flare 0 0

1
flare 0( ) ( ) ( )=

where yflare represents the observations during the flare and m0

is determined as the median of the light curve.

3.2. Initial Detection of AGN Flares

For each AGN with available ZTF data, we first fit its light
curve (in flux space) using a Bayesian block representation
(J. D. Scargle et al. 2013). This technique optimally segments
the data into a series of discontinuous, piecewise constant
components, facilitating the detection of significant local
variations. To identify potential flares, we apply the hill-
climbing procedure proposed by M. Meyer et al. (2019). In this

approach, peaks are identified as blocks that are higher than
both the preceding and succeeding blocks, and these peaks are
extended in both directions as long as the subsequent blocks
remain lower. We define a flare interval in such a set of blocks
as the segment where the flux exceeds 0.2 times the difference
between the peak flux and the median flux of the entire light
curve. If a flare interval consists of only one data point, we
exclude it from further analysis.
Then we fit the entire light curve for each AGN using the

kernel in Equation (1) to obtain the maximum-likelihood
hyperparameters {ρ0, τ0} and compute the test statistic λ for
each flare interval following Equation (4). To assess the
significance of each potential flare, we generate a large number
of simulated light curves using the derived {ρ0, τ0}
parameters, while preserving the exact cadence and uncertain-
ties of the observed data. For each simulations, we compute
the corresponding λ values for the flare intervals. Finally, by
comparing the observed λ value with the distribution of λ
values from the simulated light curves, we determine the
significance of each potential flare. We define the significance
as pflare, which represents the probability that the observed
flare is not attributed to the intrinsic variability of the AGN.
Furthermore, a potential flare is considered genuine only if it

is detected in both the g and r bands, and the overall pflare for
this potential flare is taken as the minimum of the values
obtained from the two bands. Figure 4 shows the distribution
of the highest pflare value for each AGN. Given the limited
statistical resolution inherent to our simulation-based
approach, we adopt a threshold of p 0.998flare > as a practical
compromise between statistical reliability and computational
efficiency. This threshold is intended to select only the most
significant flare candidates, while allowing a small buffer to
avoid missing genuine flare events.
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Figure 3. ZTF detection counts distribution for all AGNs.

Table 1
The Number of Sources in Each AGN Catalog

Vetting Filters Milliquas DESI LAMOST Quaia WISE R90 Total

Initial AGNs 1,021,800 1,772,694 55,636 1,295,502 4,543,530 6,602,925
ZTF crossmatch 950,298 1,437,122 53,143 937,883 1,969,553 3,574,767
Observation threshold 721,553 778,663 49,484 850,747 1,061,365 1,966,641

Potential flares 224,247 177,766 30,133 351,476 319,689 510,511
AGNFCC 11,779 8237 991 14,999 16,729 28,504
AGNFRC 944 513 64 1128 1128 1984
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Figure 4. Distribution of the highest pflare values for each AGN. The vertical
dashed line represents the threshold of p 0.998flare = .
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Figure 5 illustrates the processing flow for a real AGN light
curve, using the source J124942.29+344929.0 (R.A.= 192.°4262,
decl. =34.°8247) as an example. This AGN has a potential flare
with p 1.0flare = and is ultimately retained in our final high-
confidence flare sample. GP modeling and related computa-
tions are performed using the Python package celerite,
which is optimized for fast and scalable GP analysis on one-
dimensional data (D. Foreman-Mackey et al. 2017). Following
this procedure, we identify 28,504 AGN flare events, which
are summarized in the AGNFCC—Version 1.0.

3.3. Refinement and Selection of High-confidence Flares

While the initial flares identified using GP modeling provide
a valuable starting point, this coarse selection may still include
false positives arising from irregular sampling or photometric
noise. Moreover, given the large number of AGNs analyzed,
some statistically significant events are expected to arise
purely by chance, which is a manifestation of the look-
elsewhere effect (S. Vaughan et al. 2016). To enhance the
reliability of the flare sample, we apply a series of additional
selection criteria designed to filter out ambiguous or low-
significance events.

We remove light curves that exhibit observational gaps
longer than 500 days in either the g and r bands first, as such
gaps may hinder the reliable identification of flares.
To ensure that a flare represents a significant and localized

enhancement in flux, we require that the peak flux in both
bands exceed the global median by more than 3σ. Meanwhile,
the remaining nonflare epochs must remain within this
threshold, with at most one exception permitted per band.
This condition is designed to isolate events that stand out
clearly against the quiescent background, rather than being
part of broader or irregular variability.
To assess whether a flare is statistically favored over

baseline variability, we refit each light curve using a GP model
that incorporates a flare-shaped mean function, characterized
by a Gaussian rise followed by an exponential decay:

y t
r A t t

r A t t

exp ,

exp , ,
5

t t

t

t t

t

0 2 0

0 0

g

e

0
2

2

0( )
( ) ( )

( )

( )
=

+

+

where r0 denotes the baseline flux level, A is the flare
amplitude, t0 is the time of the flare peak, and tg and te
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Figure 5. The detection-processing flow for a real AGN light curve. Panel (a) shows the light curve of a real AGN (blue), with the red curve representing the fit
obtained using Bayesian block representation. The green shaded regions indicate the time intervals where potential flares are detected. Panel (b) displays the
simulated light curves, while panel (c) presents the GP hyperparameters for all the light curves. Panel (d) shows the λ values computed for all light curves in the
potential flare regions. One point corresponding to the real AGN exceeds the threshold derived from simulations, which corresponds to a flare significance of
p 0.998flare > , indicating that this event is likely a genuine flare.
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represent the characteristic timescales of the rising and
decaying phases, respectively. This model is compared against
a baseline GP with a constant mean function. We compute the
Bayesian information criterion (BIC) for both models and
retain flares only if the flare model yields a BIC improvement
greater than 10, indicating strong evidence for the presence of
a distinct flare.

Each flare is required to exhibit a well-sampled temporal
profile. Specifically, the interval [t0 − tg, t0 + te], which defines
the expected duration of the flare, must be fully covered by
observations and contain more than (tg + te)/20 data points,
corresponding to an average cadence of at least one observation
every five days. Additionally, the flare amplitude must be
significant, with the ratio A/r0 > 0.2, ensuring that the flare
stands out clearly above the baseline flux level.

In addition, we exclude sources that show signs of blending
or positional confusion arising from the 3″ crossmatching
radius used in catalog construction. In particular, if multiple
ZTF sources are associated with a single AGN and exhibit
inconsistent separations, such as some within 1″ and others
beyond 1.5, we treat this as evidence of source contamination.
In such cases, we extract only the light curve from sources
within 1″ and recompute the flare significance following the
procedure described in Section 3.2.

All of the above selection criteria are summarized in
Table 2, which also lists the number of flares removed by each
individual condition. To better assess the relative impact and
independence of each criterion, we also report the number of
sources that are uniquely removed. These statistics provide
insight into the discriminating power and redundancy among
different filter rules. Representative examples of excluded
flares are shown in the Appendix, illustrating typical reasons
for rejection.

Based on the selection criteria described above, we have
constructed a new catalog, referred to as the AGNFRC—
Version 1.0, which contains 1984 flares. These flares have
passed the initial set of filters, ensuring that they exhibit
significant variability and meet the physical and observational
requirements for AGN flare events.

However, it is worth noting that the strict selection criteria
are applied under the assumption that each AGN hosts at most
one significant flare. In rare cases where an AGN exhibits
multiple flares, the source may be easily excluded by some
criteria. These multiflare systems remain included in
the broader AGNFCC and can be revisited using more flexible
selection strategies. To facilitate this, the individual selection
flags and related properties for each criterion are provided in

the catalog, as detailed in Table 3, allowing users to define
their filtering schemes based on specific scientific goals.

4. Catalog Demographics

All catalog columns are described in Table 3. A combined
AGNFRC plus AGNFCC catalog can be downloaded in the
online machine-readable table or on GitHub.9

4.1. Overall Characteristics

The number of sources in each catalog is shown in Table 1.
Starting with approximately 2 million AGN light curves with
sufficient ZTF observations, we identify 28,504 AGN flares in
the AGNFCC, accounting for 1.5% of the total. The AGNFRC
contains 1984 flares, representing 0.1% of the total.
The spatial distribution of the AGN flares in the AGNFCC

and AGNFRC catalogs is shown in Figure 6. As expected, the
flares are distributed relatively uniformly at declinations above
−30° and outside the Galactic plane, consistent with the
underlying AGN distribution in the AGN catalogs and the sky
coverage of the ZTF survey.
We present the redshift distributions for four samples in

Figure 7, including all AGNs with more than 30 observations
per band, potential flares identified via Bayesian block
representation, and the AGN flares in the AGNFCC and
AGNFRC. There is a clear trend that samples with increasingly
reliable flares show progressively stronger low-redshift con-
centration. This suggests that AGN flares are more readily
detected in nearby sources. At higher redshifts, only intrinsic
bright AGNs can be observed, and in these luminous systems,
flares of similar absolute brightness produce weaker contrast
relative to the AGN baseline flux, making them harder to detect.
Furthermore, the excess at low redshift may be partly due to
contamination from SNe, which produce transient signals offset
from the galactic nucleus. To account for this possibility, we
have included the parameter alert-offset in the catalog,
representing the angular distance between the transient and the
AGN position, thereby assisting users in identifying and
filtering out potential off-nucleus SNe contamination.
Figure 8 presents the distributions of the flare rise and decay

timescales, denoted as tg and te in Equation (5), respectively.
The timescales span a broad range, from just a few days to
several hundred days, reflecting the diverse nature of AGN
flares. The majority of flares in both AGNFCC and AGNFRC
exhibit rise and decay timescales shorter than 50 days.

Table 2
Summary of Flare Selection Criteria

Number Criterion Description Removed Uniquely Removed

1 Observational gap > 500 days 4228 56
2 Peak flux does not exceed 3σ 3823 118
3 More than one nonflare point exceeds 3σ 9947 1794
4 ΔBIC < 10 between flare and flat model 16,794 1583
5 Flare duration (t0 − tg, t0 + te) not fully covered 10,504 760
6 Too few data points within the flare interval 16,694 1096
7 Flare amplitude A/r0 � 0.2 3502 147
8 Source confusion within 3″ match radius 974 26

Note. The Removed column shows the number of flares that fail each criterion, while the Uniquely Removed column counts those excluded solely by that condition.
Since some sources violate multiple criteria, the total number of removed flares is not equal to the number of sources in AGNFCC.

9 https://github.com/Lyle0831/AGN-Flares
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However, the very shortest timescales should be interpreted
with caution, as our 3 day binning may introduce uncertainties
for such rapid flares. We also note that the derived timescales
are influenced by the annual gaps in the ZTF light curves.
These gaps can truncate the observable segment of long-
duration flares, potentially biasing the measured timescales,
while short-duration flares occurring entirely within the gaps
may be missed. Therefore, the presented distributions reflect
only the detectable range under the current observational
limitations.

Additionally, the flare profiles also show considerable
variety, including fast-rise/slow-decay and slow-rise/fast-

decay patterns (see Figure 9). The latter type appears relatively
rare, and two representative light curves are presented in
Figure 10. Such diversity may be associated with different
physical processes, potentially linked to AMSs located in
different regions of the AGN disk (J.-R. Liu et al. 2024).

4.2. Host AGN Types

Based on the classifications provided in Milliquas, we
present the fractional distribution of AGN types across

Table 3
Columns of the AGNFRC and AGNFCC Catalog

Property Unit Description

AGNFRC ⋯ 1 = AGN flare-refined catalog.
AGN ⋯ Name of the host AGN.
RAdeg deg R.A. (J2000).
DEdeg deg Decl. (J2000).
z ⋯ Redshift, from the source catalog.
Source ⋯ Source catalog: “M” for Milliquas, “D” for DESI, “L” for LAMOST, “Q” for Quaia, and “W” for WISE.
Type ⋯ Source type, including “Blazar,” “SN,” and “TDE” as described in Section 4.3.
ALeRCE ⋯ Classification result from the ALeRCE as described in Section 4.3.
pdiff ⋯ Difference between the highest and the second-highest class probabilities from the ALeRCE.
alert-offset arcsec Angular separation between the ZTF alert position (from ALeRCE) and the AGN coordinates.
t0 MJD t0, peak time of the flare.
te day te, exponential decay timescale of the flare.
tg day tg, Gaussian rise timescale of the flare.
r0g μJy r0g, baseline flux density in the g band.
r0r μJy r0r, baseline flux density in the r band.
Ag μJy Ag, flare amplitude in the g band.
Ar μJy Ar, flare amplitude in the r band.
maxgap day Maximum observational gap in a light curve.
peak-sigma-g ⋯ Significance level of the peak flux in the g band.
peak-sigma-r ⋯ Significance level of the peak flux in the r band.
excess-num-g ⋯ Number of nonflare points exceeding 3σ in the g band.
excess-num-r ⋯ Number of nonflare points exceeding 3σ in the r band.
delta-bic ⋯ Difference between BIC for the constant model and the flare model.
flare-point-g ⋯ Number of points within the flare interval (t0 − tg, t0 + te) in the g band.
flare-point-r ⋯ Number of points within the flare interval (t0 − tg, t0 + te) in the r band.
flag1 ⋯ Boolean flag indicating whether maxgap > 500 days (criterion 1).
flag2 ⋯ Boolean flag indicating whether min(peak-sigma-g, peak-sigma-r) < 3 (criterion 2).
flag3 ⋯ Boolean flag indicating whether excess-num-g + excess-num-r > 2 (criterion 3).
flag4 ⋯ Boolean flag indicating whether delta-bic < 10 (criterion 4).
flag5 ⋯ Boolean flag indicating whether t0 +te > max(mjd) or t0 − tg < min(mjd) (criterion 5).
flag6 ⋯ Boolean flag indicating whether min(flare-point-g, flare-point-r) < (tg + te)/20 (criterion 6).
flag7 ⋯ Boolean flag indicating whether min(Ag/r0g, Ar/r0r) < 0.2 (criterion 7).
flag8 ⋯ Boolean flag indicating whether this AGN is confused with other sources (criterion 8).

(This table is available in its entirety in machine-readable form in the online article.)
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Figure 6. Sky distribution of AGN flares. Gray points represent flares from the
AGNFCC, while red points correspond to flares from AGNFRC.
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different samples in Figure 11. Quasars (classified as “QSOs”)
dominate the overall observed AGN population, accounting
for over 80% of the sources. However, their relative proportion
decreases steadily from the general AGN sample to the flare
catalogs. In contrast, sources classified as “AGN” become
increasingly prominent in the flare samples. This trend
suggests that nonquasar AGNs are more likely to exhibit
flaring events detectable to our methods, which is expected as
quasars are so luminous that normal flares become difficult to
distinguish against their bright background.

We also observe notable changes in the relative fractions of
narrow-line AGNs (NLAGNs) and BL Lac objects. Similar to
the trend seen in the sources classified as “AGN,” the fraction
of NLAGNs increases significantly in the flare samples,
suggesting that flares are more detectable in low-luminosity
systems. However, their proportion decreases from AGNFCC
to AGNFRC, indicating that many of the AGN flares initially
identified did not pass the stricter criteria for flare reliability. A
closer inspection reveals that 84% of the NLAGNs in
AGNFCC are excluded from AGNFRC due to the presence
of multiple points exceeding 3σ in nonflare regions, compared
to only 35% for the full AGNFCC sample. This suggests that
NLAGNs are more prone to exhibiting irregular or noisy
variability patterns that mimic flare-like features, resulting in a
higher false-positive rate during the initial detection. None-
theless, the occurrence of prominent flares in NLAGNs is
relatively rare because the accretion disks of these systems are

generally considered to be obscured by a dusty torus
(C. M. Urry & P. Padovani 1995). However, these flares can
be observed in so-called “true” type 2 AGNs (H. D. Tran 2001;
Y. Shi et al. 2010; A. J. Barth et al. 2014), in which the
lack of broad-line regions (BLRs) is intrinsic, or turn-off
AGNs, in which the BLRs have disappeared very recently
(S. M. LaMassa et al. 2015; J. C. Runnoe et al. 2016). In this
scenario, a sudden increase in the accretion rate causes
dramatic luminosity enhancements and the emergence of
BLRs, a phenomenon widely known as changing-look (turn-
on) AGNs (S. Gezari et al. 2017; Z. Sheng et al. 2017;
G. Zeltyn et al. 2022).
As for BL Lac objects, although they make up a small

fraction overall, their proportion steadily increases and
becomes more prominent in the refined sample. This trend is
probably due to their strong and rapid variability, which makes
them more likely to be identified as flares by our method.

4.3. Source Classification

We begin by selecting blazars, known for their strong
variability signals. By crossmatching the flares in the
AGNFCC with sources from the Roma-BZCAT Multifre-
quency Catalogue of Blazars10 (E. Massaro et al. 2015) using a
3″ matching radius, and combining them with the blazars
flagged in Milliquas, we identify a total of 830 blazars. These
sources are expected to exhibit significant variability, making
them a part of our catalog.
Next, we perform a crossmatch with a 3″ matching radius

between the flares in the AGNFCC and the sources in the
Transient Name Server11 (TNS) database, focusing on SNe
and tidal disruption events (TDEs). We further check the
temporal coincidence between the flares and the reported
transients in the TNS database, and retain only those cases that
are contemporaneous. After that, we find that two flares are
associated with TDEs and 59 with SNe. This suggests that a
subset of the flares may be related to transient phenomena
other than AGN variability, further emphasizing the diversity
of potential sources contributing to the observed flaring
activities.
We also use the Automatic Learning for the Rapid Classifica-

tion of Events (ALeRCE) broker classifier (P. Sánchez-Sáez
et al. 2021) of the ZTF alert stream12 to assign classifications
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Figure 8. Distribution of rise timescale tg (left) and decay timescale te (right) for two AGN flare catalogs.
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in the AGNFRC. Red points represent individual flares, while blue contours
indicate the kernel density estimate of their distribution.

10 https://www.ssdc.asi.it/bzcat/
11 https://www.wis-tns.org/
12 https://alerce.online/
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to the AGN flares. By crossmatching the flares with ZTF alerts
within a 3″ matching radius, we obtain the corresponding
probabilistic classifications. For each source, we adopt the
class with the highest probability assigned by the ALeRCE
classifier and calculate the difference between the two highest
classification probabilities (pdiff) as an indicator of the
classification confidence. Approximately 18% of the sources
have pdiff< 0.1, suggesting relatively uncertain classifica-
tions. In practice, we mainly rely on the results from the Lc
Classifier, and when those are unavailable, we adopt the
classifications provided by the Stamp Classifier. Together,
these two classifiers cover the majority of the ZTF alerts.
However, it is crucial to note that these classifications are
based solely on photometric data and thus have limited
reliability. They are included in our catalog only as
supplementary information for user reference.

Since ALeRCE provides a large number of subclasses, we
regroup them into five broad categories: SN, AGN, QSO,
blazar, and other. In the AGNFCC, approximately 40% of the
flares can be matched with corresponding ZTF alert classifica-
tions, while this proportion increases to 70% in the AGNFRC.
This result demonstrates that the stricter selection criteria
applied in the refined catalog are effective in identifying more
reliable flares. Figure 12 shows the classification results of
AGN flares in both catalogs. In the AGNFCC, the majority of
flares are classified as QSOs, followed by AGNs and blazars.
In the AGNFRC, the proportion of QSOs decreases, while the
fractions of AGNs and blazars increase, mirroring the trend

observed in Figure 11. As for SN, which represents a transient
source rather than AGN-related variability, its proportion
remains relatively small but increases slightly from AGNFCC
to AGNFRC.

5. Discussion

In this section, we explore several potential origins for the
flares identified in our sample.

5.1. Tidal Disruption Events

When a star ventures too close to a BH, the extreme tidal field
can overcome the star’s self-gravity and tear it apart. The infall
and accretion of the disrupted stellar material can give rise to a
bright, short-lived flare known as a TDE (M. J. Rees 1988;
S. Gezari 2021). Although TDEs have thus far predominantly
been found in inactive galaxies, it is also possible for TDEs to
occur within the dense, gas-rich environments of AGN accretion
disks at an even higher rate (V. Karas & L. Šubr 2007;
C.-H. Chan et al. 2019; B. McKernan et al. 2022; T. Ryu et al.
2024; K. Kaur & N. C. Stone 2025). These events may involve
the disruption of main-sequence stars orbiting near the central
SMBH (T. Ryu et al. 2020), or occur around stellar-mass BHs
embedded in AGN disks, leading to luminous signals (Y. Yang
et al. 2022).
In the AGNFCC, we find two AGN flares that match with

transients classified as TDEs in the TNS: AT2020afhd and
AT2022exr. Both of them were classified as TDEs based on
their persistent blue optical colors, UV emission, and supporting
optical spectroscopic features (E. Hammerstein et al. 2022,
2024). AT2020afhd exhibits a rising timescale tg ∼ 20 days and
a decay timescale te ∼ 120 days. However, it is excluded from
the AGNFRC due to insufficient data coverage during the decay
phase, which failed to meet our criterion 6. In contrast,
AT2022exr shows similar timescales and is included in the
AGNFRC. This source is particularly interesting because it
exhibits repeating flare behavior, which remains challenging to
fully explain with current models (D. A. Langis et al. 2025).
The light curves of both sources are shown in Figure 13.

5.2. Supernovae

SNe are violent explosions caused by core collapse of massive
stars (core collapse supernovae, CCSNe) or thermonuclear
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Figure 11. AGN type proportions in the Million Quasars Catalog.
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explosions of white dwarfs (SNe Ia). SNe can occur spatially
near galactic centers or within AGN accretion disks, where the
environment could potentially enhance the rate of SNe
(E. Grishin et al. 2021). For example, the rate of CCSNe in
AGN disks may increase due to more active star formations in
these regions (P. Artymowicz et al. 1993). On the other hand,
the rate of SNe Ia could also increase with a higher frequency
of double white dwarf (WD) mergers (B. McKernan et al.
2020a), or by accretion onto a single WD, leading to a
thermonuclear explosion where the mass is close to the
Chandrasekhar limit (J. P. Ostriker 1983). Both CCSNe and
SNe Ia in AGN disks have been suggested as potentially
observable events, with their signatures detectable in the AGN
light curves (J.-P. Zhu et al. 2021; F.-L. Li et al. 2023).

After crossmatching AGNFCC sources with classification
reports on the TNS, we find a total of 71 SNe spanning
different classes in the AGNFCC sample. Most of the SNe are
SNe Ia, which is likely due to higher intrinsic luminosities of
SNe Ia than those of typical CCSNe, making them easier
to identify even at galaxy centers. Figure 14 shows four
representative light curves corresponding to different SN

classes. In each case, the AGN shows typical variability
outside the flare event, with the “flare” feature representing a
distinct and significantly brighter episode compared to the
usual flux. However, observationally it is difficult to answer
whether the SNe originate within AGN accretion disks or just
spatially near galaxy centers.

5.3. Stellar-mass Binary Black Hole Mergers

Stellar-mass binary black hole (BBH) mergers may occur
within AGN accretion disks, which provide an environment
that favors both the formation and retention of massive BHs.
The deep gravitational potential of AGN disks makes it
difficult for merger remnants to escape (V. Varma et al. 2022),
enabling hierarchical mergers that gradually build up BH mass
(G.-P. Li & X.-L. Fan 2025). In addition, the presence of
dense gas facilitates the pairing and the orbital evolution of
BHs through dynamical friction and gas torques (Y. Yang
et al. 2019; B. McKernan et al. 2020b), making AGN disks
efficient for producing high-mass BBH systems (J. Samsing
et al. 2022).
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Figure 12. Classification results of AGN flares in both AGNFCC (left) and AGNFRC (right) based on ZTF alerts.
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Observationally, there is evidence that a fraction of BBH
mergers detected by the LIGO–Virgo–KAGRA Collaboration
may originate from AGNs by investigating the spatial
correlation between gravitational-wave sky maps and the
position of known AGNs (L.-G. Zhu & X. Chen 2025). If BBH
mergers occur in AGN disks, they may produce detectable
electromagnetic counterparts due to interactions between the
binary (or postmerger remnant) and the surrounding medium.
Possible mechanisms include ram pressure stripping of
ambient gas (B. McKernan et al. 2019), hyper-Eddington
accretion leading to Bondi explosions (J.-M. Wang et al.
2021b), or jet launching following recoil kicks (K. Chen &
Z.-G. Dai 2024; H. Tagawa et al. 2024; Z.-P. Ma et al. 2025;
J. C. Rodríguez-Ramírez et al. 2025).

M. J. Graham et al. (2023) reported seven AGN flares that
may be associated with BBH mergers based on their temporal
and spatial coincidence with GW events. An updated analysis
by L. He et al. (2025) using additional data found that only two
of these flares maintain a strong correlation with GW events.
Both of them are included in our AGNFRC, and their light
curves are shown in Figure 15.

5.4. Microlensing

Microlensing caused by the close passage of a single star or
a small number of stars has been proposed as a likely
mechanism for producing large-amplitude variability in AGNs
(A. Lawrence et al. 2016). These events are uniform in color
across the rest-frame UV and optical wavelengths, and the
resulting light curves display symmetric profiles. The expected
characteristic timescale is O (years), determined by the lens
mass and the relative transverse velocity between the source
and the lens (A. Lawrence et al. 2016). Under the assumption
that both the background source and the lens are pointlike and
their relative motion is linear, the time-dependent magnifica-
tion can be approximated as (M. J. Graham et al. 2017):
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We fit each light curve in the AGNFCC using the symmetric
microlensing profile defined in Equation (6), and compare the
resulting BIC value to that obtained from the asymmetric
profile defined in Equation (5). A significantly lower BIC for
the microlensing fit indicates a statistical preference for a
lensing origin. Figure 16 presents two representative examples
in which the light curves exhibit the characteristic symmetry
expected from microlensing events.

5.5. Blazars

Blazars are a subclass of AGNs characterized by relativistic
jets that are closely aligned with the line of sight to the
observer. This alignment results in strong Doppler boosting,
producing highly variable emission across the entire electro-
magnetic spectrum (C. M. Urry & P. Padovani 1995). Their
optical light curves can exhibit large-amplitude, rapid, and
erratic variability, with timescales ranging from minutes to
years (J. Otero-Santos et al. 2024).

In our sample, blazars naturally account for a significant
fraction of high-variability AGN flares. We find 830 blazars in
the AGNFCC based on Roma-BZCAT and milliquas (see
Section 4.3), representing approximately 3% of the total flares.
This fraction increases to 10% in the AGNFRC, reflecting the

strong variability that makes blazars more likely to pass our
selection criteria. This trend is consistent with the changes
shown in Figures 11 and 12. Figure 17 presents two
representative examples.

5.6. AGN Variability

While our flare selection aims to identify events beyond the
scope of AGN variability, it is important to recognize that
intrinsic variability in AGNs cannot be entirely ruled out.
According to our threshold of p 0.998flare = , at least 0.2% of
AGNs show variability strong enough to appear in our sample.
Given the long observational baseline of ZTF, such rare but
strong variability has a higher chance of being recorded,
suggesting that this fraction is likely an underestimate. As
illustrated in Figure 4, a substantial number of AGNs exhibit
pflare values approaching this threshold.
The nonflaring photometric variability of AGNs is widely

characterized by a DRW (C. L. MacLeod et al. 2010) process.
To evaluate the potential contamination introduced by this
stochastic variability, we generated a set of 15,000 simulated
AGN light curves with the DRW model, following the
procedure described in S. A. J. McLaughlin et al. (2024).
Each simulated light curve spans 1000 days with a 3 day
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Figure 15. Light curves of AGN flares that are potential electromagnetic counterparts to BBH mergers. The vertical dashed lines indicate the trigger times of the
corresponding GW events.
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cadence and a photometric uncertainty of 0.1 mag, represent-
ing the typical variability behavior of AGNs under the
assumption that genuine flares are intrinsically rare.

Applying our flare-detection pipeline to these simulated
light curves, we find that 61 sources (∼0.4%) pass the initial
GP-based detection step. This rate is slightly higher than the
nominal 0.2% threshold but remains broadly consistent with
our expectations. After applying the stricter selection criteria
summarized in Table 2, no source remains, highlighting the
effectiveness of our pipeline design in minimizing false
positives originating from the underlying DRW variability. It
is worth noting that these simulations assume idealized DRW
behavior and noiseless sampling. Real AGN light curves can
exhibit deviations from the DRW process, coupled with
instrumental and environmental effects, which may affect the
actual false-positive rate in the observed data.

The physical origin of such variability remains uncertain
and has been debated for decades. Several theoretical
mechanisms have been proposed, including the local
(E. Lyubarskii 1997) or the global accretion rate (S.-L. Li &
X. Cao 2008) fluctuations, thermal fluctuations in the disk
(B. C. Kelly et al. 2013), X-ray reprocessing (A. Kubota
& C. Done 2018), or the combination of these effects
(P. Sánchez-Sáez et al. 2018). In some cases, especially when
the variability is strong or sparsely sampled, it may resemble a
flare and satisfy our selection criteria.

Disentangling such intrinsic variability from others
remains a challenge. Alternative time-series frameworks, such
as autoregressive moving average or heterogeneous autore-
gressive models (F. Corsi 2009; G. E. Box et al. 2015;
E. D. Feigelson et al. 2018; C. Chatfield & H. Xing 2019), may
provide useful diagnostics for assessing whether AGN
variability can be fully described by stochastic processes or
requires transient components, which we plan to investigate in
future work. Ultimately, moving beyond solely photometric
modeling, spectroscopic and multiwavelength observations
will be essential for further refining flare selection and
advancing our physical understanding of these events.

6. Summary

In this work, we conduct a systematic search for AGN flares
based on data from ZTF DR23, one of the most extensive
time-domain datasets available for the northern sky. Starting

from a parent sample of approximately two million AGNs with
sufficient g- and r-band observations, we construct two AGN
flare catalogs: AGNFCC, containing 28,504 AGN flares
identified via Bayesian block segmentation and GP modeling,
and AGNFRC, containing 1984 high-confidence flares
selected by applying a set of strict quality and variability
criteria.
We characterize the statistical properties of these AGN

flares, including their spatial and redshift distributions, time-
scales, and host AGN types. The flare timescales span a wide
range, from just a few days to several days, reflecting the
diversity of physical mechanisms that may drive these events.
The increased fraction of low-redshift sources and the
decreasing fraction of QSOs from the general AGN sample
to the flare catalogs suggests that flares are more readily
detectable in lower-luminosity systems.
We further investigate the possible origins of the detected

flares. By crossmatching with external catalogs, we identify
subsets of flares associated with known SNe, TDEs, blazars,
and candidate electromagnetic counterparts to BBH mergers.
In addition, several cases show evidence consistent with
microlensing. Nevertheless, a large fraction of flares remains
unexplained and may reflect the intrinsic variability of AGNs.
The AGNFCC and AGNFRC provide a valuable foundation

for future studies of the transient phenomena in AGNs. While
the AGNFRC represents a high-confidence sample, some
events may still not correspond to true flares due to complex
AGN variability or sparse sampling. Additional spectroscopic
and multiwavelength observations will therefore be crucial for
refining flare selection and classification, understanding their
physical mechanism, and exploring their potential connections
to AGN disks.
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Appendix
Light-curve Examples of Removed Flares for AGNFRC

Here, we present representative light curves of flares that are
excluded from the AGNFRC due to not meeting one or more
of the refined selection criteria in Table 2. These examples
illustrate common failure modes, such as insufficient temporal
coverage, low-variability significance, or contamination from
nearby sources. They help to highlight the importance and the
effectiveness of the filtering conditions applied in constructing
a high-significance flare catalog. These light curves are shown
in Figure 18.
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