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Abstract

Supermassive black hole binary (SMBHB) systems are expected to form as a consequence of galaxy mergers. At
subparsec separations, SMBHBs can be identified as quasars with periodic variability, with previous periodicity
searches uncovering significant candidates. However, these searches focused primarily on sinusoidal signals,
while theoretical models and hydrodynamical simulations predict that binaries produce more complex non-
sinusoidal pulse shapes. Here we examine the efficacy of the Lomb–Scargle periodogram (LSP; one of the most
popular tools for periodicity searches in unevenly sampled lightcurves) to detect periodicities with a sawtooth
shape mimicking results of hydrodynamical simulations. We simulate idealized well-sampled lightcurves,
lightcurves that mimic the data in the Palomar Transient Factory (PTF) analyzed in M. Charisi et al. (2016), and
lightcurves that resemble our expectations for single-band data in the upcoming Legacy Survey of Space and
Time (LSST) of the Rubin Observatory. We approximate quasar variability with a damped random walk (DRW)
model, inject sinusoidal and sawtooth pulse shapes, and assess their statistical significance. We find that in the
presence of red noise, the LSP detects a relatively low fraction of the sinusoidal signals (∼45%, ∼24%, and
∼23%, in the PTF-like, idealized, and LSST-like lightcurves, respectively). The fraction is significantly reduced
for sawtooth periodicity (with only ∼9% in PTF-like and ∼1% in idealized and LSST-like lightcurves). These
low recovery rates imply that previous searches have missed the large majority of binaries. They also have
significant implications for the detection of SMBHBs in upcoming LSST necessitating the development of
advanced tools that go beyond the simple LSP.

Unified Astronomy Thesaurus concepts: Quasars (1319)

1. Introduction

Observational evidence suggests that supermassive black
holes (SMBHs) exist at the center of every massive galaxy
(D. Richstone et al. 1998; J. Kormendy & L. C. Ho 2013).
SMBHs play an important role in shaping their host galaxies,
since the mass of SMBHs is correlated with several properties
of the host. In addition, frequent mergers of galaxies naturally
deliver two SMBHs to the nucleus of the postmerger galaxies,
which can eventually form bound SMBH binaries (SMBHBs;
M. C. Begelman et al. 1980). After the galaxies merge, the
SMBHs sink toward the center of the postmerger galaxy
through dynamical friction. As the SMBHs spiral closer
toward each other, they form a near-Keplerian system. When
they reach separations of a few parsecs, gravitational
interactions with nearby stars and the gaseous circumbinary
disk can continue to shrink the binary orbits. If these
mechanisms are sufficiently effective to overcome the “final-
parsec problem,” gravitational-wave (GW) emission takes
over, accelerating the inspiral toward the merger.

The most massive systems can be detected at nanohertz GW
frequencies with pulsar timing arrays (PTAs; S. Burke-Spolaor
et al. 2019; S. R. Taylor 2021). In fact, all major PTA

collaborations, like the North American Nanohertz Observa-
tory for Gravitational Waves, the European Pulsar Timing
Array (EPTA) along with the Indian PTA, the Parkes PTA, the
Chinese PTA and the MeerKAT PTA have recently detected
evidence for a GW background (G. Agazie et al. 2023a; EPTA
Collaboration et al. 2023; D. J. Reardon et al. 2023; H. Xu
et al. 2023; M. T. Miles et al. 2025), which is likely produced
by a population of SMBHBs (G. Agazie et al. 2023b; EPTA
Collaboration et al. 2024). Individual binaries are expected to
be resolved on top of this background in a few years
(L. Z. Kelley et al. 2018; S. R. Taylor et al. 2020; B. Bécsy
et al. 2022).
In addition to strong GWs, binaries are also expected to

produce bright electromagnetic (EM) emission, since SMBHBs
reach small separations surrounded by large amounts of gas,
which accretes to the SMBHs and produces bright EM signa-
tures. Therefore, binaries are promising sources for multi-
messenger observations combining EM+GW data (B. Kocsis
et al. 2006; Z. Haiman et al. 2009; L. Kelley et al. 2019; M. Charisi
et al. 2022).
Given that binary systems are expected to form in gas-rich

environments, several hydrodynamic simulations have
explored such systems embedded in gaseous disks. These
studies suggest that binaries may manifest as quasars with
periodic variability. More specifically, simulations demon-
strate that torques exerted by the binary expel the gas from the
central-most region and create a low-density cavity. As the
orbital motion of the binary perturbs the cavity edge, the
SMBHs pull streams of gas inwards, leading to periodic mass
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transfer from the disk onto the binary components, which
translates into periodic brightness fluctuations (e.g.,
J. R. Westernacher-Schneider et al. 2022). Periodic variability
can also arise due to Doppler boost from gas bound to the
individual SMBHs, and from self-lensing effects (see
T. Bogdanovic et al. 2021 and D. J. D’Orazio & M. Charisi
2023 for recent reviews).

Many observational studies have searched for this EM
signature in time-domain surveys and identified several
candidate SMBHBs as quasars with periodically varying
optical emission. Note that this approach associates the bright
quasar phases with SMBHBs, which is justified as quasars are
often thought to be triggered by mergers (G. Kauffmann &
M. Haehnelt 2000). However, the search requires large surveys
because the binary lifetime due to GW inspiral would be of
order 105 yr, which is ∼10−3 of the typical expected bright
quasar phase (Z. Haiman et al. 2009). This implies that even if
most quasars are binaries, we would expect to find them only
in a small fraction ≲10−3 of quasars. Suitably large systematic
searches in the Catalina Real-Time Transient Survey (CRTS;
M. J. Graham et al. 2015), the Palomar Transient Factory
(PTF; M. Charisi et al. 2016), the Panoramic Survey Telescope
and Rapid Response System (PanSTARRS; T. Liu et al. 2019),
the Dark Energy Survey (Y.-C. Chen et al. 2020), the Zwicky
Transient Facility (ZTF; Y.-J. Chen et al. 2024), the Wide-field
Infrared Survey Explorer (D. Luo et al. 2025) and Gaia
(P. Huijse et al. 2025) have revealed over 200 candidates to
date. Additional candidates were also identified individually in
lightcurves from long-term observing campaigns (B.-Z. Dai
et al. 2006; E. Bon et al. 2016; Y.-R. Li et al. 2019).

However, quasars exhibit red noise variability, which can
mimic periodic signals, introducing false positives, while at the
same time hindering the identification of genuine periodicity
(S. Vaughan et al. 2016; C. A. Witt et al. 2022; M. C. Davis
et al. 2024; J. Robnik et al. 2024). This is exacerbated by
limitations in our understanding of the stochastic variability of
quasars, which in previous periodicity searches was modeled
with a damped random walk (DRW) model (B. C. Kelly et al.
2009; S. Kozłowski et al. 2010; C. L. MacLeod et al. 2010;
C. J. Burke et al. 2021; K. L. Suberlak et al. 2021) and the fact
that binaries typically have relatively long periods, allowing
only two to three cycles to be observed (S. Vaughan et al.
2016). Therefore, additional signatures, such as spectral line
shifts indicative of radial motion (M. Eracleous et al. 2012),
multiwavelength Doppler boost (D. J. D’Orazio et al. 2015;
M. Charisi et al. 2018; C. Xin et al. 2020), distorted radio jets
(N. Roos et al. 1993; A. Caproni et al. 2013), or atypical X-ray
spectra (M. L. Saade et al. 2020), are required to boost the
significance of each candidate. We refer the reader to A. De
Rosa et al. (2019) and D. J. D’Orazio & M. Charisi (2023) for
reviews on binary signatures and observational searches.

To date, most searches for periodic variability have focused
on sinusoidal periodicity, which is the simplest periodic signal.
A widely used method for detecting periodic signals in unevenly
sampled data is the Lomb–Scargle periodogram (LSP;
N. R. Lomb 1976; J. D. Scargle 1982 or J. T. VanderPlas
2018 for a recent review). The LSP (along with other Fourier-
based techniques) is particularly effective in identifying
sinusoidal variations, but may be less sensitive to signals that
deviate from this shape. Such signals can be common in
binaries, e.g., when the periodicity arises from periodic
accretion or the binary is Doppler-modulated along an eccentric

orbit (P. C. Duffell et al. 2020; B. X. Hu et al. 2020; J. Zrake
et al. 2021; J. R. Westernacher-Schneider et al. 2022). In
addition, the LSP may be a suboptimal statistic for periodic
signals in the presence of nonwhite stochastic noise, like in
quasars (J. Robnik et al. 2024).
In this paper, we investigate the ability of the LSP to detect

non-sinusoidal periodicity in quasar lightcurves under different
survey conditions, focusing specifically on sawtooth periodic
patterns, which approximate the pulse shapes predicted by
hydrodynamic simulations (P. C. Duffell et al. 2020;
J. R. Westernacher-Schneider et al. 2022). To explore this
effect, we generate idealized and realistic PTF-like mock
lightcurves, exhibiting sawtooth periodic signals, with realistic
quasar noise modeled as a DRW, as in previous quasar
periodicity searches. Since the upcoming Legacy Survey of
Space and Time (LSST) of the Rubin Observatory is expected to
play a significant role in quasar periodicity searches (L. Z. Kelley
et al. 2021; C. Xin & Z. Haiman 2021; F. Cocchiararo et al.
2024), we also examine single-band LSST-like lightcurves. We
also emphasize that the underlying variability of quasars is
modeled with a DRW to reflect the common practice in previous
periodicity searches, but this model does not fully capture quasar
variability and should be viewed as an approximation of quasar
noise. For comparison, we repeat the analysis for sinusoidal
signals with similar properties.
This paper is outlined as follows: In Section 2, we describe

the mock quasar lightcurves and the statistical methods used to
determine the significance of the periodicity. In Section 3, we
report the fraction of detected periodic (sinusoidal and
sawtooth) signals in idealized, PTF-like, and LSST-like
lightcurves. In Section 4, we discuss our findings, and in
Section 5, we summarize our results and offer our conclusions.

2. Methods

Our objective is to study the recovery of sawtooth periodicity
and compare it with the recovery of sinusoidal signals with
similar periods and amplitudes under different survey conditions.
We explore the detection of such signals in three cases: highly
idealized lightcurves with continuous regular sampling, light-
curves that resemble the ones observed in PTF, and lightcurves
that represent our expectations for single-band, well-sampled
LSST lightcurves, which are expected to play a crucial role in
quasar periodicity searches in the upcoming years. For the
detection, we follow the statistical analysis in M. Charisi et al.
(2016), which, like nearly all similar periodicity searches, is
based on the LSP. Below, we describe in detail our quasar
lightcurve simulations and our methodology for detecting
periodic signals and assessing their statistical significance.

2.1. Quasar Sample

In order to evaluate the ability of the LSP to detect non-
sinusoidal signals in a realistic setting, we examine the sample
of quasars detected by PTF and analyzed in M. Charisi et al.
(2016). By closely following their statistical analysis for
periodicity detection, this study provides one additional benefit;
it allows us to assess whether non-sinusoidal periodicity would
have been detected by the pipeline if present in the dataset, or
such signals would have been missed, and to what extent.
We remind the reader that PTF was one of the early time-

domain surveys (2009–2012), the precursor to the ongoing
ZTF. It covered around 3000 deg2 with a 5σ limiting
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magnitude of approximately 20.5 in the R band. Its observing
strategy was designed to capture transient phenomena, and
thus, the PTF lightcurves are characterized by epochs of very
dense temporal sampling (e.g., when an interesting transient
was detected in the field) followed by large gaps. For a
detailed discussion about the survey and the scientific goals of
PTF, see N. M. Law et al. (2009) and A. Rau et al. (2009).

In this paper, we start from the sample of 35,383 quasars
analyzed in M. Charisi et al. (2016). This sample was extracted
from the Half Million Quasars catalog, and then focusing only
on the spectroscopically confirmed quasars with relatively
good lightcurves, i.e., lightcurves that have at least 50 nights of
observations. Of those, we select a subset of 12,400 that have
virial SMBH mass estimates measured from their broad
emission lines with spectra from the Sloan Digital Sky Survey
(SDSS) Data Release 7 (K. N. Abazajian et al. 2009). This
selection is necessary for the estimation of the DRW
parameters, as explained below (Section 2.2.1).

The PTF lightcurves for this subset of quasars show a
variety in terms of baselines and total number of observations
(e.g., see Figure 1 in M. Charisi et al. 2016). On average, the
baseline for these lightcurves is ∼3.2 yr with a mean cadence
of ∼12 days, a mean magnitude of 19.1, and mean photometric
errors of ∼0.05.

2.2. Mock Lightcurves

The lightcurves we simulate are composed of realistic
quasar noise described by a DRW model (Section 2.2.1),7
periodic signals of two types to emulate two broad categories
of binary behavior (Section 2.2.2), and photometric errors. For
each of the 12,400 observed quasars in the sample, we
generate a set of six mock lightcurves exploring two periodic
signals: (a) sinusoidal periodicity and (b) sawtooth periodicity,
and three observing scenarios: (1) idealized lightcurves, (2)
PTF-like lightcurves, and (3) LSST-like lightcurves. For each
set of six simulations, we inject the exact same parameters for
the periodic signal (same period, amplitude, and phase) and the
same noise (i.e., the same DRW parameters σ and τ and even
the same noise realization).

For the idealized lightcurves, we simulate a time series with
a baseline equal to the respective PTF lightcurve and
photometric errors drawn from a Gaussian distribution with
zero mean and standard deviation equal to the mean
photometric error of the specific PTF lightcurve, but we adopt
a daily cadence. Ground-based time-domain surveys cannot
achieve such high-quality lightcurves, because uneven
sampling and gaps are inevitable (e.g., missing observations
due to weather or proximity of the source to the Sun, etc).
However, this set of idealized simulations (and the comparison
with more realistic PTF-like lightcurves) allows us to isolate
the effect the data quality has in detecting various periodic
signals from other factors like the intrinsic quasar noise.

For the PTF-like lightcurves, we take the continuous time
series (which includes periodicity and DRW noise, but not
photometric errors) from the above step and downsample them
at the observed times of the respective PTF source. In this
case, we add photometric errors drawn from a Gaussian

distribution with zero mean and standard deviation equal to the
photometric uncertainty of each point in the PTF lightcurve.
Finally, we explore the periodicity recovery in longer

lightcurves, which resemble the best-sampled single-band LSST
lightcurves (e.g., what we expect for lightcurves in the r or i
bands). We emphasize that LSST, with its unprecedented data
quality and a sample of quasars exceeding 20 million, will be a
key driver in the discovery of SMBHB candidates. For those, we
set the baseline to 10 yr, equal to the nominal duration of the
survey. We choose a 5 day cadence, as expected for the Wide-
Fast-Deep mode of LSST, but instead of evenly sampled data,
we perturb the regular temporal sampling with a Gaussian of
zero mean and standard deviation of 1 day. This choice allows us
to more closely match the observing strategy of LSST, while
avoiding strong aliasing effects from very regular sampling. We
also exclude 4 months of observations every year to mimic the
inevitable annual gaps. We add photometric errors drawn from a
Gaussian distribution with zero mean and standard deviation of
0.01, which corresponds to the level of photometric uncertainty
for sources with a mean magnitude of 21 (Ž. Ivezić et al. 2019).
Finally, we inject the same periodic signals and the same DRW
realizations (creating them with the same random seed) as in the
PTF lightcurves. We note that since the baselines are longer in
the LSST-like lightcurves, we could explore longer periods. By
simulating the same periods as in the shorter PTF lightcurves, we
can explore the effect of observing more cycles within the data.
Therefore, for each observed lightcurve, we generate six

mock lightcurves with the same injected periodicity and noise
properties. We analyze each of those lightcurves independently
with a periodicity detection pipeline similar to the one presented
in M. Charisi et al. (2016; Section 2.3). Figure 2 shows such a
set of four simulations, idealized and PTF-like, and the
components that produce the final lightcurve, with sinusoidal
periodicity on the left panel and sawtooth periodicity on the
right. With blue lines, we demonstrate the periodic signals, and
with black lines, the aggregate time series after the DRW noise

Figure 1. SMBH mass vs. redshift for the 12,400 quasars in our sample. The
marginalized distributions of the two quantities are also shown. The quasars in
our sample span a wide range in SMBH mass and redshift, representative of
the entire quasar population.

7 The DRW model, albeit successful, does not capture the full range of
quasar variability. However, it provides a valuable benchmark for the effect of
the red noise. In Section 4, we discuss some limitations of this choice of quasar
variability.
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is included. Finally, the gray points with the error bars represent
the idealized lightcurves after the photometric errors have been
added, while the red points with the respective error bars show
the PTF-like lightcurves produced from downsampling the
black curve at the PTF time stamps and subsequently adding
Gaussian errors from the PTF measurements.

2.2.1. Quasar Variability

In order to model realistic quasar lightcurves, we need to
incorporate the intrinsic stochastic variability of quasars. The
optical variability of quasars is successfully described by a
DRW process (B. C. Kelly et al. 2009; S. Kozłowski et al.
2010; C. L. MacLeod et al. 2010; C. J. Burke et al. 2021;
K. L. Suberlak et al. 2021). We emphasize that, albeit
successful and widely used in previous periodicity searches,
this model is likely an incomplete description of quasar
variability (e.g., see Section 4). The choice of quasar noise
model can affect our results, and thus, future studies should
consider a more flexible description of the underlying
variability (such as higher-order continuous auto-regressive
mean average (CARMA) models; B. C. Kelly et al. 2014), but
the DRW model provides a useful baseline for red noise.

The power spectral density (PSD) of the DRW is frequency
dependent (red noise) at high frequencies, and becomes flat
(white noise) at low frequencies. The PSD as a function of
frequency f can be described as follows:

f
f

PSD
4

1 4
, 1

2

2 2 2
( )

( )
( )=

+

where σ2 is the variance of the lightcurve and τ is the damping
timescale, roughly corresponding to the autocorrelation length
of the lightcurve or to the (inverse of) the break frequency in
the PSD.

For each noise simulation, we first need to determine a set of
DRW parameters, σ and τ. In M. Charisi et al. (2016), the best-
fit σ and τ were determined for each lightcurve by maximizing
the DRW likelihood using Javelin, a public software, to
sample the likelihood with Markov Chain Monte Carlo
methods (Y. Zu et al. 2013). Since these calculated σ and τ

values are no longer accessible, and that method resulted in
biased estimates of the τ parameter (see Figure 8 and Section
4.1 in M. Charisi et al. 2016), we adopt a simpler alternative
method to estimate these parameters.
In particular, we use empirical scaling relationships from

C. L. MacLeod et al. (2010), yielding σ and τ from the
properties of each individual quasar, as follows:

M
M

M

log 2.4 0.17 log
4000

0.03 23 0.21 log
10

, 2i

RF
RF

BH
9

( )

( ) ( )

= +

+ + +

M
M

M

log 2 0.51 0.479 log
4000

0.131 23 0.18 log
10

, 3i

RF

BH
9

( )

( ) ( )

=

+ + +

where τRF represents the characteristic timescale τ in the
quasar’s rest frame, λRF is the effective wavelength of the R

band (λR = 6516.05A)8 in the rest frame of the source, Mi is
the absolute i-band magnitude, k-corrected to z= 2, and MBH

is the SMBH mass. Note that these relationships were used as
priors when fitting the DRW parameters with Javelin in
M. Charisi et al. (2016). For the above σ and τ calculations, the
black hole mass and the i-band luminosity of each quasar are
required. For this reason, as explained in Section 2.1, we only
analyze the subset of 12,400 quasars that have SMBH mass
estimates and absolute i-band magnitudes, using a catalog
from SDSS Data Release 7 (K. N. Abazajian et al. 2009).
Figure 3 illustrates the distribution of the calculated τ and σ
values using Equations (2) and (3), respectively, for the 12,400
PTF quasars.

Figure 2. Examples of the mock periodic lightcurves we generate to test the detectability of such signals with the LSP, with a sinusoid injected on the left panel and a
sawtooth signal injected on the right panel. The noiseless periodic signals are shown with solid blue lines. On top of those, we add DRW noise (the same realization
in both panels), shown with the black continuous curve. Idealized lightcurves sampled daily with photometric errors are shown with gray points and the respective
error bars, while the PTF-like lightcurves shown in red are obtained by downsampling the black curve to the observed times and adding PTF-like photometric errors.
The simulations are sampled at the observed times of quasar SDSS J085234.09+330100.7 with an injected period of 595 days, amplitude 0.19 mag, and DRW
variability with parameters σ = 0.27 mag and τ = 1246 days.

8 PTF observed in the optical g and R bands, but we only analyze the R-band
lightcurves, as in M. Charisi et al. (2016), because the g-band lightcurves are
typically very sparse.
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For the mock quasar lightcurves, we follow the procedure
from J. Timmer & M. König (1995), as implemented in the
astroML package (Ž. Ivezić et al. 2014), and generate evenly
sampled lightcurves with a temporal spacing of Δt = 1 day. As
mentioned in Section 2.1, the baseline of each lightcurve is set
to match the baseline of the respective observed lightcurve.
For the PTF-like lightcurves, we follow a similar procedure as
in M. Charisi et al. (2016) to downsample the idealized
lightcurves by removing data points to match the observed
pattern. For the LSST-like lightcurves, we generate the same
realization of noise (using the same random seed), initially
sampled daily for 10 yr and then downsampled at the expected
observing pattern of LSST (e.g., see Section 2.2).

2.2.2. Binary Signals

For the simulations of the null hypothesis, required to assess
the statistical significance of the injected periodic signals (see
Section 2.3), the simulations include only DRW variability, as
outlined in the steps above. To simulate binary signals, we
then add periodic variability. We inject two types of periodic
signals, sinusoidal and sawtooth, in the following forms:

s t A t Psin 2 4sine 0( ) · ( · ) ( )/= +

and

s t A t Psawtooth 2 , 5sawtooth 0( ) · ( · ) ( )/= +

where A is the amplitude in magnitude, f0 is the phase, and P
is the period. The sawtooth waveform is characterized by an
asymmetric sharp rise and linear decrease.

For the injected periodic signals, we explore a broad but
realistic parameter space. In particular, for the periodic signals,
we draw parameters from uniform distributions, from the
following range of values:

1. Amplitude A: [0, 0.5).
2. Period P: [0, Pmax].
3. Phase f0: [0, 2π).

Here, Pmax is the maximum period we can probe in each
lightcurve, defined by its baseline so that at least 1.5 cycles of
periodicity are observed, as in M. Charisi et al. (2016). That is,
P T 1.5max data/= , where Tdata is the baseline of the respective
PTF lightcurve.9 Since we randomly draw the parameters for
each lightcurve and the baselines vary, the high end of the
period distribution is not as well sampled.

2.3. Periodicity Detection

Our goal is to assess whether the LSP is effective in
detecting periodic signals that deviate from sinusoidal (e.g.,
sawtooth signals) in quasar data, exploring several scenarios
for lightcurve quality. For our analysis, we use the generalized
LSP from the astroML package (Ž. Ivezić et al. 2014). We
follow the same procedure as in M. Charisi et al. (2016) and
calculate the LSP for 1000 trial frequencies on a logarithmic
grid with a minimum frequency of f T1.5min data/= , and a
maximum frequency of f T1max min/= , with Tmin = 30 days. In
Figure 4, we illustrate how the LSP performs on two noiseless
idealized lightcurves with sinusoidal and sawtooth-shaped
periodic signals, with an amplitude of 0.4 mag and a period of
200 days. We see that the peak of the periodogram is reduced
by ∼40% for the sawtooth signal, while some secondary peaks
at lower periods appear. These peaks are not from aliasing,
because they are not present in the LSP of the sinusoidal
signal, but rather simply additional Fourier components of the
sawtooth pattern.
Even though the false alarm probability of an LSP peak can

be calculated analytically in the presence of white noise (e.g.,
see R. V. Baluev 2008; C. Koen 2021), these approximations
are not applicable in the presence of other types of stochastic
variability (M. Süveges et al. 2015; S. Vaughan et al. 2016).
Here, we assess the periodicity significance of the injected
signals, again following M. Charisi et al. (2016). We simulate
DRW-only lightcurves representing the null hypothesis, with σ
and τ chosen as described above, and compute the distribution
of the periodogram peak heights in these mock lightcurves.

Figure 3. Values of the DRW parameters σ vs. τ estimated based on their SMBH
mass and i-band magnitude (C. L. MacLeod et al. 2010) for the 12,400 quasars in
our sample. The marginalized distributions of the two quantities are also shown.

Figure 4. The LSP of a noiseless sinusoid (blue) and a sawtooth (red), both
with a period of 200 days, and an amplitude of 0.4 shows peak power of 1 and
0.61, respectively.

9 Based on the requirement of observing 1.5 cycles within the data, in the
LSST-like lightcurves, we could have explored longer periods. However, we
chose to explore the same periods as in the PTF-like data to isolate the effect
of observing more cycles.
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Note that in a realistic scenario, the values of the DRW
parameters would not be known, but our goal here is to
determine the limitations of using a suboptimal statistic (like
the peak of the LSP), and so we assume we know the correct
DRW parameters to simplify the analysis. We compare the
observed peaks of the injected sine+DRW and saw+DRW
lightcurves against the observed peaks of DRW-only
simulations.

To account for the fact that the DRW noise is frequency
dependent and thus the peaks in the periodogram do not arise
with the same probability (or power) at every frequency, the
test statistic needs to be compared with the null distribution in
a small range of frequencies (i.e., we cannot observe a peak at
low frequencies and compare with the null distribution at high
frequencies and vice versa). For this, we divide our frequency
grid into 25 different bins, and for every bin, we calculate the
false alarm probability of the maximum observed peak in that
bin with the distribution of maximum peak heights of the
simulated noise in the same bin. For each quasar, we simulate
100,000 DRW-only time series to account for the look-
elsewhere effect, from the fact that the candidates were
selected from a sample of 12,400 lightcurves and from using
25 frequency bins (see M. Charisi et al. 2016 for more
details).10 We consider the periodicity to be statistically
significant if and only if a peak in any of the 25 frequency bins
is higher than any of the peaks over the 100,000 DRW
realizations in the same frequency bin.

3. Results

We assess the ability of the LSP to detect sinusoidal and
sawtooth periodicity in quasar data. For this, we simulate
12,400 mock lightcurves with idealized, PTF-like, and LSST-
like observing patterns, injecting periodic signals of both types
with a variety of parameters and realistic quasar noise. Then
we assess the statistical significance of identified periodograms
peaks with DRW simulations. We select as significant the ones
that had periodogram peaks higher than the ones produced by
100,000 noise realizations. Below, we report our findings.

3.1. Periodic Signal Recovery Rates

Among the 12,400 simulated sinusoidal signals, 3020
(24.4%) are detected in the idealized lightcurves, 5540
(44.7%) in the PTF-like simulations, and 2809 (22.6%) in
the LSST-like lightcurves. Interestingly, and somewhat
counterintuitively, the recovery rate of sinusoidal signals is
higher in the PTF-like lightcurves. This is likely attributable to
the underlying stochastic variability of quasars, as we discuss
further in Section 4 below. We see that even though the LSP is
one of the most prominent tools to detect sinusoidal periodicity
in sparse lightcurves, it underperforms in quasar periodicity
searches, missing ∼55% of the sinusoidal signals in the PTF-
like lightcurves and an even larger majority of >75% in the
idealized and LSST-like lightcurves.

The reason for this poor performance has been identified by
J. Robnik et al. (2024), who recently demonstrated that the
periodogram peak is a suboptimal test statistic for this case.
This is because its underlying assumption is white noise, while

quasars have red noise variability. As a result, the best-fit
Fourier coefficients, which are selected based on χ2 values that
assume the incorrect noise, tend to be biased. We emphasize
that the stochastic variability can still be properly taken into
account, e.g., by using red noise simulations to calculate the
false alarm probability, as in M. Charisi et al. (2016), but the
test statistic itself is less sensitive in identifying these signals.
For instance, using the Bayes factor (which explicitly
incorporates the red noise) as the test statistic results in a
higher true positive rate for the same false positive rate (see
Figure 6 in J. Robnik et al. 2024). Similarly, using the
Bayesian information criterion to select sinusoidal periodicity
on top of DRW variability (i.e., including the red noise in the
test statistic), C. A. Witt et al. (2022) found higher overall
recovery rates of ∼60% in both CRTS-like and LSST-like
simulated lightcurves.
The recovery rate of the sawtooth signals is significantly

worse, with only 103 of the 12,400 (0.8%) injections recovered
in the idealized simulations, 1150 (9.3%) in the PTF-like
lightcurves, and 139 (1.1%) in the LSST-like data. These rates
are summarized in Table 1, along with the results for
sinusoidal signals. As with the sinusoidal signals, we detect
more of the injected sawtooth signals in the PTF-like sample
compared to the idealized and LSST-like case. The large
reduction in the recovery rate between sinusoids and sawtooth
signals is not surprising, given that a single peak in the LSP
effectively uses a sinusoidal template and thus is optimized
only for such signals (e.g., see Figure 4). Our results
demonstrate that the LSP is very ineffective at finding non-
sinusoidal periodicity. It also implies that if sawtooth signals
were present in the PTF sample, it is highly unlikely that the
previous analysis by M. Charisi et al. (2016) would have
uncovered them. Although we do not explicitly demonstrate
this here, the same conclusion very likely applies to the other
previous periodicity searches listed in the Introduction, since
most of those were also based on LSP. The exception is
M. J. Graham et al. (2015), where a combination of wavelets
and the autocorrelation function (ACF) was employed.
However, we suspect that their analysis would also have been
insensitive to strongly non-sinusoidal periodicities, because of
the chosen shape of wavelets (modulated plane waves) and the
ACF (corresponding to a truncated Fourier series).
Finally, we examine whether the period of the detected

signals is correctly identified. For this, we check whether the
recovered signals have periods within 15% of the simulated
value. For the sinusoids, we find that the vast majority, i.e.,
98.8% in the idealized lightcurves, 97.0% in the PTF-like
lightcurves, and 99.7% in the LSST-like lightcurves, have
periods similar to the injected value. The fraction is slightly
lower for the sawtooth signals, with 91.3% in the idealized
lightcurves, 79.6% in the PTF-like lightcurves, and 87.8% in
the LSST-like lightcurves. As seen in Figure 4, the

Table 1
Recovery Rate for Sinusoidal and Sawtooth Periodic Signals and for Idealized,

PTF-like, and LSST-like Lightcurves

Sinusoid Sawtooth

Idealized ∼24% ∼1%

PTF-like ∼45% ∼9%

LSST-like ∼23% ∼1%

10 In M. Charisi et al. (2016), the false alarm probability was assessed with
250,000 simulations of DRW noise. However, since here we only analyze
approximately one-third of that sample, we adjust the number of mock
realizations to 100,000 to roughly reflect the smaller size analyzed.
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periodogram of the sawtooth signals shows additional peaks
beyond the injected period, which in combination with the red
noise, can lead to misidentification of the periods. In the PTF-
like lightcurves, the uneven sampling can also contribute to
this transfer of power between frequencies (known as
aliasing). However, the misidentification of periods is overall
relatively rare, especially for the sinusoids, for which the LSP
is optimized.

3.2. Dependence on Signal Parameters

We next explore how the recovery rates depend on the
parameters of the injected periodic signals, in combination
with the DRW noise properties. First, we quantify the signal
strength with the ratio of the amplitude of the periodic signal
over the variance of the DRW noise, A/σ, which provides a
rough estimate of the signal-to-noise ratio (SNR). In the left
panel of Figure 5, we show the recovery rates as a function of
their SNR, with blue lines for sinusoidal signals and red for
sawtooth signals. Solid lines represent the PTF-like simula-
tions, while dashed lines indicate the idealized lightcurves, and
dotted lines the LSST-like simulations. We see that the
recovery rate increases as the SNR increases, as expected, i.e.,
stronger signals are easier to detect compared to signals buried
in the DRW noise. The trend is roughly monotonic for both
types of signals and quality of lightcurves, with the exception
of sawtooth signals in idealized lightcurves, where we observe
some fluctuations at the relatively poorly sampled high SNR
regime due to small number statistics.

Next, we consider the recovery rates in terms of the
properties of the periodic signal alone. The middle panel of
Figure 5 shows the recovery rates as a function of the injected
amplitude of the periodic signal, with the same colors and line
styles as above. Again, we observe monotonically increasing
rates for both types of periodic signals and for all three types of
lightcurves, i.e., signals with higher amplitudes are signifi-
cantly easier to detect compared to low-amplitude signals, as
expected. Even in the best-case scenario, that is, very strong
signals with A = 0.5, the algorithm does not detect all the
signals, reaching a maximum recovery rate of 80%. This also
demonstrates the limitations of the LSP to detect periodic
signals in the presence of red noise.

Finally, we explore the recovery rates as a function of the
period. We observe decreasing trends with the period in all six
cases we examined. In particular, for the sinusoids, the
decrease is monotonic, whereas for the sawtooth signals, we
see a sharp decline and the signals become practically
undetectable for periods longer than 250 days for the idealized
lightcurves, with fluctuations at the level of a few percent for
the PTF-like and the LSST-like simulations. This trend is also
expected, since a shorter period signal allows for more cycles
to be observed within the available baseline, thus resulting in
stronger periodogram peaks and a higher probability of
detection, whereas longer-period signals, with only two to
three observed cycles, are very challenging to detect. In this
regime, the periodogram peaks are also relatively broad,
resulting in significant uncertainty in the period estimation.
Additionally, the DRW noise amplitude is lower at higher
frequencies (see Equation (1)). This limitation is significant
because in a population of binaries, we expect many more
long-period binaries than short-period ones. Therefore, the
samples of candidates in this very interesting part of the
parameter space are likely highly incomplete. Again, even in
the best-case scenario, of periods of 30 days, which is the
minimum searched period in this study, the recovery rate does
not reach 100%, underscoring the challenges of detecting real
signals. Similar trends for the recovery rates with respect to the
amplitude (C. A. Witt et al. 2022; M. C. Davis et al. 2024) and
the period of the signal (C. A. Witt et al. 2022) have been seen
before.

4. Discussion

Our study focuses on the detection of non-sinusoidal
periodic signals in quasar lightcurves using the LSP under
different scenarios for lightcurve quality. Such signals are
expected to be common in binary lightcurves, but may have
been missed in previous searches, which focused primarily on
sinusoidal periodicity. To quantify the expected detection
rates, we injected sinusoidal and sawtooth-shaped periodic
signals in realistic PTF-like, idealized, and LSST-like light-
curves, which are expected to be crucial in the near future.
Using a statistical analysis similar to the one employed in
M. Charisi et al. (2016), which is based on the LSP, we

.Figure 5. Recovery rates of periodic signals as a function of their properties. The left panel shows the dependence on the SNR of the signal, quantified as the ratio of
the amplitudes of the injected periodic signal vs. the DRW noise (A/σ). The middle panel shows the dependence on the amplitude, and the right panel shows the
dependence on the period. The blue lines show the recovery rates for sinusoidal signals, while the red lines show the recovery rates for sawtooth signals. Solid lines
represent samples with PTF-like lightcurves, dashed lines are for idealized lightcurves, and dotted lines are for LSST-like simulations.
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compute the recovery rate for both signals and for all three
types of lightcurve data quality.

Our main conclusion is that the LSP struggles to detect the
injected periodicity, detecting a maximum of ∼45% of the
sinusoidal signals and only up to ∼9% of the sawtooth signals
in the PTF-like lightcurves. We conclude that previous
searches, including the one in M. Charisi et al. (2016), must
have missed a significant fraction of periodic signals. This is
the case even for sinusoids, but the searches likely missed the
vast majority of binaries if they produce sawtooth-shaped
periodicity, as hydrodynamical simulations suggest. Caution is
required in generalizing this conclusion, because the recovery
rates depend on the specific periodicity detection method,
precise pulse shape, as well as on the data quality. However,
all previous searches used Fourier algorithms, which, like the
LSP, are optimized for sinusoidal signals.

Our analysis also returned a surprising (to us at least)
finding; the LSP performs better in the PTF-like sample
compared to the idealized or LSST-like ones, both for
sinusoidal and sawtooth periodicity, although with signifi-
cantly lower overall recovery rates for the latter. One would
expect that the recovery rate would be higher in lightcurves
with better quality and longer baselines (for the LSST-like
simulations). However, as illustrated in Figure 2, the inclusion
of DRW noise results in lightcurves that significantly deviate
from the simple periodic behavior. The LSP, which performs a
weighted least-squares fit for sinusoid amplitudes at each
searched frequency, will struggle to produce a good fit,
resulting in a lower/less significant peak. However, if one
considers the sparser PTF-like lightcurve, it is easier to
construct a sinusoidal curve (e.g., by adjusting the mean or the
amplitude) that passes through the red points. We conclude
that in the PTF-like lightcurves, the sparse sampling can in
many cases be advantageous, i.e., if by chance the observed
epochs sample close to the maxima and minima of the
lightcurve. On the other hand, we caution that here we
considered only real signals and did not consider the case of
false detections, which presents a major challenge in quasar
periodicity searches. This is likely exacerbated by the lower
quality of lightcurves (e.g., see the comparison of CRTS-like
versus LSST-like simulations in C. A. Witt et al. 2022).

Moreover, our study showed that for LSST-like lightcurves,
the LSP detects <25% of the sinusoidal signals and ∼1% of
the sawtooth periodicity. This is a significant finding for
periodicity searches in the upcoming LSST data, clearly
demonstrating that the development of tailored periodicity
tools that explicitly account for red noise variability is
necessary. As we approach the era of large time-domain
surveys, with the Rubin Observatory (Ž. Ivezić et al. 2019) set
to begin operations in just a few months, it is evident that new
methods for detecting periodicity in quasars are required.
LSST will provide an unprecedented dataset with ∼20–100
million quasars in which periodic signals are expected to be
abundant (L. Z. Kelley et al. 2021; C. Xin & Z. Haiman 2021;
F. Cocchiararo et al. 2024). Our ability to detect those relies on
developing methods that have a high true positive rate (unlike
the LSP), while simultaneously reducing the false positive rate
as much as possible (e.g., J. Robnik et al. 2024). We have
demonstrated that even in LSST-like lightcurves, which have
improved quality and longer baselines compared to PTF, the
recovery rates are low. Therefore, more sophisticated
periodicity search algorithms, specifically targeting non-

sinusoidal periodicity, e.g., methods that employ matched
filtering or search for periodicity in phase-folded lightcurves,
may offer significant advantages compared to the LSP (e.g.,
see M. J. Graham et al. 2013 for a comparison of methods).
Here, we demonstrated that one of the main tools, the LSP,
performs very poorly, especially with sawtooth periodicity.
As we already mentioned, the stochastic nature of quasar

variability is a major limitation. In this study, we used the
DRW model to simulate the underlying noise in quasars. This
model provides a successful description of optical variability
(B. C. Kelly et al. 2009; S. Kozłowski et al. 2010;
C. L. MacLeod et al. 2010; C. J. Burke et al. 2021;
K. L. Suberlak et al. 2021), but recent work has found
deviations from this simple model (V. P. Kasliwal et al. 2015;
K. L. Smith et al. 2018; J. Robnik et al. 2024). A higher-order
stochastic model, such as the damped harmonic oscillator
(J. Moreno et al. 2019; W. Yu et al. 2022) or higher-order
CARMA models (B. C. Kelly et al. 2014) may provide more
flexibility and a better description of quasar variability.
Improvements in our understanding of quasar variability will
need to be incorporated in future periodicity searches to
increase their sensitivity and to reduce the false detections. It is
worth noting that our assumptions about the underlying noise
may impact the reported recovery rates of periodic signals, but
the overall trends will likely remain unaffected. We plan to
explore additional noise models in a future study.
In addition, throughout our analysis, we adopted a simple

sawtooth-shaped periodicity. This cartoon model is sufficient
for the purposes of our exercise and illustrates the large impact
of non-sinusoidal pulse shapes. However, this shape was
merely inspired by the results of hydrodynamical simulations,
and the actual shapes of lightcurves produced by binary
SMBHs will differ from this shape—indeed, it is poorly
understood and will likely vary from source to source.
Developing better templates of the expected lightcurve shapes
(e.g., see D. J. D’Orazio et al. 2024) can be used to better
characterize the completeness and purity of binary candidate
samples, and will likely allow improvements in recovery rates.
Finally, another possible limitation in the search for quasar

periodicity is unmodeled photometric effects that can
introduce spurious signals at the annual or lunar cycle. Such
artificial periodicities, leftover from the data reduction process,
can be convolved with real periodic signals from SMBHBs
impacting their detection (e.g., introducing false positives,
moving power to other frequencies, hindering the detection, or
leading to misidentification of the real periodicity, etc).
Previous quasar periodicity searches have not explored this
effect, but discarded periods very close to 1 yr and have
completely avoided periods <1 month. However, it is
important to understand and mitigate such effects. In a future
study, we plan to inject periodic signals in observed quasar
data and explore this in several photometric surveys, like
CRTS, PTF, ZTF, PanSTARRS, etc., also including some of
the active galactic nuclei that have long-term monitoring (e.g.,
B. M. Peterson et al. 2002; S. Kaspi et al. 2021; Y.-J. Chen
et al. 2023).

5. Conclusions

In this study, we explore the efficacy of the LSP (one of the
most popular tools to search for periodic signals) in detecting
non-sinusoidal periodicity in quasars. Periodic signals that
significantly deviate from sinusoids, like sawtooth periodicity,

8

The Astrophysical Journal, 997:316 (10pp), 2026 February 1 Lin, Charisi, & Haiman



are often seen in hydrodynamical simulations of SMBHBs and
may be common among quasars, but would likely have been
missed in observational searches to date.

We start from the sample of 35,383 quasar lightcurves from
PTF, previously analyzed in M. Charisi et al. (2016), and
select a subset of 12,400 for which the SMBH masses are
measured. This allows us to estimate the DRW parameters
from scaling relations (C. L. MacLeod et al. 2010). Since
LSST will soon provide a large dataset of high-quality quasar
lightcurves for SMBHB searches, we also consider LSST-like
lightcurves. We simulate quasar lightcurves with DRW noise,
but note that this is an approximation to quasar noise. We
inject two types of periodicity: (a) sinusoidal signals and (b)
sawtooth signals. We explore three types of lightcurves to
examine the limitations of LSP under different survey
conditions: (1) PTF-like lightcurves, with properties (photo-
metric errors, sampling, baselines) resembling the observa-
tional data, (2) idealized lightcurves with daily cadence,
baselines equal to the respective PTF lightcurves and Gaussian
photometric errors with standard deviations equal to the mean
photometric error of each source, and (3) LSST-like light-
curves with a baseline of 10 yr, semiregular cadence of 5 days,
annual gaps of 4 months, and photometric errors, as expected
for a source with a magnitude ∼21. For the detection of
periodicity, we follow the statistical analysis of M. Charisi
et al. (2016), simulating DRW lightcurves to assess the false
alarm probability of identified signals.

Our main findings are summarized as follows:

1. The periodogram peaks are reduced by ∼40% when
comparing noiseless sawtooth versus sinusoidal signals
of the same period and amplitude injected in idealized
lightcurves.

2. Of the sinusoidal signals, ∼45% are recovered in PTF-
like lightcurves, ∼25% in the idealized lightcurves, and
∼23% in the LSST-like simulations. The stochastic
variability of quasars prevents us from identifying the
majority of the injected sinusoids.

3. The fraction of recovered signals is significantly worse
for sawtooth periodicity, with only ∼9% of the signals
detected in the PTF-like lightcurves, ∼1% for the
idealized simulations, and ∼1% for the LSST-like
simulations. This suggests that the LSP misses the vast
majority of binaries and is not an appropriate tool to
search for this type of periodicity.

4. The recovered periods are within 15% of the injected
values for the vast majority of detected signals, with
∼99% (∼91%) for sinusoidal (sawtooth signals) in the
idealized lightcurves, ∼97% (∼80%) in the PTF-like
data, and ∼100% (∼88%) in the LSST-like lightcurves.

5. The recovery rates depend on the signal and DRW noise
properties as expected. They increase monotonically
with the SNR (quantified as A/σ) and the amplitude of
the periodic signals, and thus, strong signals are
relatively easy to detect, even in the presence of
stochastic variability.

6. The recovery rates decrease as a function of the injected
period, which means that the rarer short-period binaries
are easier to detect compared to the more abundant long-
period ones. For sawtooth signals, binaries with periods
>250 days become almost undetectable (with a detection
rate >1% for idealized and LSST-like lightcurves),

primarily due to the DRW noise, which is more
significant at these low frequencies.

In this study, we found that non-sinusoidal periodic signals,
particularly those with a sawtooth-shaped periodicity predicted
in hydrodynamical simulations, can be easily missed in
periodicity searches that rely on the LSP. The LSP struggles
even with the sinusoidal signals, detecting less than 45% in all
three types of lightcurves. This is likely due to the stochastic
variability of quasars, which makes the peak of the LSP a
suboptimal test statistic (J. Robnik et al. 2024). Based on the
above, we can conclude that previous searches would struggle
to detect sawtooth signals, even if they were present in the
samples. They would have missed a significant fraction of
binaries even in the limit that they produced pure sinusoidal
signals. This, in combination with the fact that the stochastic
variability can introduce false detections, underscores the
challenges in identifying periodicity in quasars. Such
challenges must be addressed with improved periodicity
detection methods in future searches, in order to take full
advantage of the upcoming time-domain data.
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