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ABSTRACT

IMPROVING THE ACCURACY OF SOLAR SYSTEM SMALL BODY PERIOD

DERIVATION THROUGH DE-ALIASING AND SURVEY CADENCE

DANIEL R. KRAMER

Currently, deriving small body rotation periods is one of the most challenging problems

in small body astronomy. An added challenge is that data from ground-based surveys have

to overcome the day-night cadence of the Earth, which causes aliasing. I used real data from

the Zwicky Transient Facility (ZTF) and synthetic data from the Legacy Survey of Space

and Time (LSST), several ways were tried to improve the match rate of derived small body

periods to their physical state. The two main ways were (1) removing cadence based aliasing

solutions after a survey has acquired observations and (2) finding a cadence for a survey that

results in the highest match percentage, each of them comprising their own paper.

In my first paper, I used four different methods — three from the literature and a new

one that we developed — were examined that remove aliases to improve the accuracy of

period-finding algorithms. We investigate the effectiveness of these methods in decreasing the

fraction of aliased period solutions by applying them to the ZTF and the LSST Solar System

Products Database (SSPBD), a synthetic LSST small body dataset, asteroid datasets. We

find that the VanderPlas method had the worst accuracy for each survey. The mask and

our newly proposed window method yields the highest accuracy when averaged across both

datasets. However, the Monte Carlo method had the highest accuracy for the ZTF dataset,

while for SSPDB, it had lower accuracy than the baseline where none of these methods are

applied. Where possible, detailed de-aliasing studies should be carried out for every survey

with a unique cadence.

In my second paper, I used simulations of LSST to determine the best cadence for deriving

small body rotation periods. LSST has already made simulations of LSST observations
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using different cadences to try to determine which one is the best for many different science

cases. However, these science cases do not address the derivation of small body rotation

periods. We implanted synthetic asteroids in 141 different simulations, all 139 version v2.1

simulations and two from the version v1.7/v1.7.1 simulations, to determine the best and

worst cadences for rotation period derivation. We found that cadences with long exposures

(small errors) and cadences that repeatedly observe one field had the best derived period

match rate. Conversely, short exposures and non-repeated fields had the worst match rate.

We also examined the match rate as a function of survey length to examine when periods

would be successfully derived. We found, with a minimum observation cut, that at least

90% of the year ten match rate is achieved in year 1. We also found that the match rate

does not plateau, meaning that a longer survey would result in higher match rates.

My work in this thesis leads to several lines of future investigation: (1) Develop methods

for removing pseudo-aliases, (2) Develop a “confidence” metric for period solutions, (3)

testing the de-aliasing methods and the effects of cadence on period derivation on stellar

and non-sinusoidal sources, and (4) analyzing the difference between the real LSST period

results and the synthetic.
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Chapter 1

Introduction

Period finding has been one of the most important areas of research in modern times,

with period finding algorithms like the Fast Fourier Transform [14] being called “The most

important numerical algorithm of our lifetime” [60] and the Quantum Fourier Transform

[16] leading the way for many quantum computer algorithms. Solar System small body

science is no stranger to period finding, with more than 40,000 objects having a known

rotation period [62, 67]. However, there are currently 1.2 × 106 [45] known small bodies,

so there is a major gap between known objects and objects with known rotation periods.

This problem is about to become more acute in the coming years with new, large scale

surveys starting (Section 1.2.1.1). The rotation period for a Solar System small body is

an important property, allowing us to determine the origin and evolution [11, 12, 56] and

physical properties [44] of the object. However, deriving small body rotation periods is not

straightforward, the cadences of ground based, large scale surveys do not allow for periods

to be easily determined for all objects (Section 1.2.2.1).

Modern large scale surveys introduce a new problem in astronomy that past astronomers

have not had to deal with, a vast amount of data (big data) in which no human could man-

ually analyze. This problem requires a new profession in both astronomy, computer science,

and data analysis: astroinformatics. Astroinformatics is a new field for large scale data

analysis for astronomy. Astroinformaticists use High Performance Computers and advanced

algorithms to find answers in astronomy in large scale survey data.
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Period finding is a computing challenge. One of the most widely used and simplistic

period finding algorithms for astronomy, Lomb-Scargle (L-S, Lomb [38], Scargle [57]), has a

time complexity, a measure of about how long an algorithm takes to compute, of O(nm),

where n is the number of observations for an object and m is the number of frequencies

(more detail on L-S and its time complexity is presented in Section 2.2.1). Usually, n is

around 50-1000 and m is > 1 × 105, meaning that millions of computations are needed to

determine a period for an object. With large scale surveys observing hundreds of thousands

or millions of objects, astroinformatics is needed to compute the periods.

1.1 The Solar System

The Solar System is the region of space where the Sun’s gravity dominates. It is made

up of the Sun, planets, satellites/moons, and small bodies1. Figure 1.1 shows the location

of objects in the Solar System. The small bodies (blue dots) are located all throughout the

Solar System.

Most of the known small bodies are in the following six groups, in order of distance from

the Sun:

1. Near Earth Objects/Asteroids — Objects that have a perihelion distance of less than

1.3 AU.

2. Asteroid/Main Belt — Objects between the orbit of Mars and Jupiter and have a

semi-major axis between 2.2 AU to 3.2 AU.

3. Hildas — Objects in a 3:2 orbital resonance with Jupiter.

4. Jupiter Trojans — Objects at Jupter’s L4 and L5 points, orbiting in a 1:1 resonance.

5. Centaurs — Objects within the orbits of the Gas and Ice Giants.

6. Trans-Neptunian Objects (TNOs)/Kuiper Belt — Objects beyond the orbit of Neptune.
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(a) Inner Solar System (b) Outer Solar System

Figure 1.1: Source: Minor Planet Center [45]. The known objects in the Solar System on
2023-03-15. The black circle is the Sun, the red circles are the planets and the blue dots

are small bodies.

Most of the known small bodies are in the Asteroid Belt (which is why “small bodies”

are sometimes called “asteroids”), but this is caused by observation bias as the asteroids

are “close” to Earth and “large”. Most small bodies are TNOs [43], but they are far from

the Earth/Sun, and therefore, too dim to observe. However, TNOs are larger by a factor of

1000, on average, compared to the asteroids [35].

1.2 Surveys

The main way small bodies are discovered/observed currently are through astronomical

surveys, an observing strategy to observe a general region of the sky, not a specific object.

Most surveys are not targeting on small bodies, but because small bodies are the closest

objects to the Earth2, they will always be inadvertently observed3, making surveys excellent

sources of small body data.

1Dwarf Planets, like Ceres and Pluto, are counted as small bodies.
2Not including the other bodies in the Solar System.
3Assuming the survey is observing in wavelengths small bodies reflect/emit.
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1.2.1 All Sky Surveys

All Sky Surveys are a type of survey that observes the entire sky. There have been many

examples of these kind of surveys [18, 22, 42, 54, 59], but this section will focus on Zwicky

Transient Facility (ZTF, Bellm et al. [10]) and Legacy Survey of Space and Time (LSST,

Ivezić et al. [32]) as they are the two surveys used throughout this thesis.

1.2.1.1 Legacy Survey of Space and Time

The Vera C. Rubin observatory is a new, all sky survey being built in Chile which will

house the LSST. It will produce about 500-1000 observations for about 40 billion sources.

About 5 million of these objects will be small bodies. Therefore, the number of known small

bodies will grow by about five times.

LSST is scheduled to start in 20244 and run for 10 years. To prepare for science op-

erations, synthetic LSST data has been created, since, at the time of writing, LSST has

not started observing. There are two sources to obtain synthetic small body LSST data:

LSST Solar System Product Database (SSPDB, Juric et al. [34]) and generating from LSST

simulations [34]. Chapter 2 used SSPDB data while Chapter 3 used the simulations.

1.2.1.2 Zwicky Transient Facility

ZTF is an all sky survey from the Palomar observatory located in California, USA that

has been operating since 2018. It is acting as a LSST precursor, operating at about one-

tenth LSST scale. As of this writing, ZTF has > 21× 106 small body observations, but only

a subset of the observations was used, SNAPShot1 [62], because of a period of erroneous

observations from ZTF. SNAPShot1 used observations from 2018–07–19 to 2020–05–19, using

only numbered asteroids with more than 50 observations with Real-Bogus scores ≥ 0.55 [19].

4https://docushare.lsst.org/docushare/dsweb/Get/Document-35216
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1.2.2 Targeted Surveys

The other type of surveys are targeted surveys, like the Transiting Exoplanet Survey

Satellite (TESS, Ricker et al. [54]) and DECam Ecliptic Exploration Project (DEEP, Trilling

[61]). These surveys only observe a small number of fields5, but their constant observing

allows for consistent data.

A complication of working with small bodies is that they move on the sky. If an object is

near the edge of a field, it could move out of the field before the survey is over. Objects that

move out would have a fraction of the data objects that stay in the field receive. DEEP,

which is a search for TNOs, has to account for this by moving the fields slightly each year

they observe. TESS, where small body observations are a byproduct, does not account for

this and loses the objects.

1.2.2.1 Issues with All Sky Surveys

ZTF, LSST, and all ground based, all sky surveys6 cannot observe during the day. This

causes an inevitable, day-related signal in period deriving efforts, called aliasing. Alias-

ing results in a significant proportion of derived periods to be at 24 h and related times

(12 h, 24 h, 48 h, and 96 h, among others). These derivation results require more human in-

tervention and/or compute time to label or fix. As LSST will observe about 5 million small

bodies, most with enough observations to derive a period7, human intervention is not feasible

and the algorithms used need to be fast and scalable.

Targeted surveys, however do not face this challenge as their consistent observations

suppress the aliasing, For example, DEEP, which is a ground based survey, avoids aliases

by only running for a few days a year along with having consistent observations of only six

fields; the day-related signals do not “have time” to appear and they are drowned out by

5TESS is technically an all sky survey, but it observes a single field for up to 27 days, so it can also count
as targeted

6That do not observe in radio.
750 observations is the cutoff used for the work presented here.
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the real period. TESS is space based, so it naturally does not have day-related aliases.

Chapter 2 aims to remove aliases after observations have been recorded and Chapter 3

aims to aid LSST and future surveys in picking cadences that increase the overall number

of accurate period results.

1.3 Other Publications

Bellow are other publications I have been a part of but not led, in order of publication:

1. Erasmus et al. [20] — Asteroid Terrestrial-impact Last Alert System (ATLAS, Denneau

[18]) and ZTF photometry was used to discover the slowest known rotating small

bodies. The previous slowest rotating small body was (2056) Nancy with a period of

1343 h. We found 32 with longer periods, the longest being 52534 with a period of

4812 h.

2. Gowanlock et al. [24] — We implemented L-S on a GPU. More information about L-S

in Section 2.2.1.

3. Trilling et al. [62] — This was the release of SNAPShot1, a dataset of 31,693 small

body physical properties from ZTF observations. This dataset also contained rotation

periods for these objects.

1.4 Organization

This thesis is organized as follows: Chapter 2 is my first first author, Removing Aliases

in Time-Series Photometry (Kramer et al. 36), which goes over de-aliasing after a survey

has observed, Chapter 3, which is my second seconds paper, The Effect of Different LSST

Cadences on Derived Rotation Periods for Solar System Small Bodies (submitted, Kramer

et al. 37), which determines the best LSST cadence for deriving asteroid rotation periods,

and Chapter 4, goes over my overall conclusions. Appendix A contains the appendices for

6



Chapter 2, Appendix B has a guide on how to perform period derivation for an object, and

Appendix C contains information about phase curves and how to derive an object’s absolute

magnitude and slope parameter.
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Chapter 2

Removing Aliases in Time-Series Photometry

Daniel Kramer12, Michael Gowanlock12, David Trilling21, Andrew McNeill23, Nicolas

Erasmus4

Accepted to Astronomy and Computing on 2023-04-24.

2.1 Introduction

Determining periodic behavior among astrophysical sources is useful for describing their

physical properties. For example, the internal strength of an asteroid can be determined

using, among other observed properties, its rotation period [44]. Light curves have also been

used to categorize a star’s stellar type [8].

Ground-based telescopic surveys that produce sparse data inevitably have signals in the

object’s periodogram— typically at or near 12 h, 24 h, 48 h, and 96 h — related to the day-

night cycle of the Earth. These cadences cause aliasing, an effect where there are peaks in

a periodogram that are not at the real period of an observed object.

If the output of a period-finding method and its corresponding light curve is visually

examined, an astronomer can potentially make a judgment if a derived period is an alias

1School of Informatics, Computing, and Cyber Systems, Northern Arizona University, Flagstaff, AZ
86011, USA

2Department of Astronomy and Planetary Science, Northern Arizona University, Flagstaff, AZ 86011,
USA

3Department of Physics, Lehigh University, 16 Memorial Drive East, Bethlehem, PA 18015, USA
4South African Astronomical Observatory, Cape Town, 7925, South Africa
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or not. With large-scale surveys, like the Legacy Survey of Space and Time (LSST, Ivezić

et al. [32]), too many objects will be observed for humans to manually confirm each derived

period. This requires automating both deriving the periods and determining if the period is

correct.

The problem of period-finding at scale will become more acute when LSST is producing

data, as more than 100 million periodic sources are expected in the LSST catalog [39]. If, for

example, 20% of period solutions are aliases, then 20 million sources would have incorrectly

derived periods. The incorrect periods would either (1) be naively included in a catalog,

(2) have solutions at common alias periods discarded, or (3) have to be examined with

some verification algorithm. Any method that reduces the total number of alias results

improves the three outcomes by (1) reducing the number of bad solutions, improving the

overall accuracy, (2) increasing the overall number of correct solutions, or (3) decreasing the

amount of computation to verify/score the periods.

While this is an important problem for ongoing and upcoming surveys, there has been

little progress on de-aliasing methods for sparse data. For instance, Carbonell et al. [15] has

examined the de-aliasing properties of past methods, notably CLEAN [55]. However, those

methods only work on time series data with uniform observations during the night. Since

modern ground-based surveys generate sparse data that is not uniform, these methods are

unsuitable for these surveys. Recently, several papers have used some de-aliasing techniques

using large scale survey data [17, 20, 29], but none tested the improvement their method

had over no de-aliasing.

In this paper, we analyze the performance of four approaches to de-aliasing, with perfor-

mance and period-finding accuracy in mind.

The paper is organized as follows: Section 2.2 discusses the Lomb-Scargle periodogram,

Section 2.3 gives an overview of the datasets used, Section 3.2 gives an overview of the four

methods that were tested, Section 3.3 discusses the results of the four methods, Section 3.4

provides our discussion of the results of the paper, and Section 3.5 presents our conclusions

9



and some future work on this and related problems.

2.2 Period Finding Algorithms

For testing the accuracy of the different de-aliasing methods, a period finding algorithm

is needed. In this section, we will discuss four different methods, Lomb-Scargle (L-S, Lomb

[38], Scargle [57]), SuperSmoother [21], Conditional Entropy [25], and Bootstrap χ2 [64], and

why L-S is used as the method for this analysis.

2.2.1 Lomb-Scargle

L-S is a period-finding method first developed by Lomb [38] and later improved by Scargle

[57]. It is one of the most popular period-finding algorithms used in astronomy. The general

approach is to calculate the periodogram power, essentially a measure of the goodness of the

solution, through Equation 2.1 as follows.

P (f) =
1

2


(∑

n gn cos(2πf [tn − τ ])
)2∑

n cos2(2πf [tn − τ ])

(∑
n gn sin(2πf [tn − τ ])

)2

∑
n sin2(2πf [tn − τ ])


τ =

1

4πf
tan−1

(∑
n sin(4πftn)∑
n cos(4πftn)

) (2.1)

Here, P (f) is the power for an angular frequency f , gn is the observed telescopic magni-

tude of observation n and tn is the time of observation n. Higher powers indicate a greater

likelihood that f is the angular frequency of the observed object. Note that the Lomb-Scargle

Periodogram (LSP, Lomb [38], Scargle [57]) has a time complexity of O(nm), where n is the

number of observations used and m is the number of frequencies examined.

A periodogram is typically computed by calculating powers for a range of frequencies

(or periods) in [fmin, fmax] that are sampled over a uniform frequency space. Ideally, there

would only be a peak in the periodogram at the angular frequency f that corresponds to
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(a) Uniformly sampled sine wave.
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(b) Randomly sampled sine wave.

Figure 2.1: The periodograms for a uniformly sampled sine wave and a random sample of
it. The x-axis is the angular frequency and the y-axis is the normalized power. The sine
wave was given an angular frequency of 2π/7 (period of 7) and an amplitude of 0.3. The
pure sine wave used 1000 points and the sampled sine wave used 0.5% of those points, for

about 50 total points used.

the object’s physical rotation state, with all other values of P (f) having a value of zero. In

reality, because of uncertainties in the measurements, a non-uniform cadence, and aliasing,

the periodogram is often noisy with multiple peaks, so determining the correct peak is not

always straightforward. Figure 2.1 shows how a periodogram generated with a uniformly

sampled sine wave with a small ∆t compares to a randomly sampled sine wave’s periodogram.

The randomly sampled sine wave’s periodogram is noisy around P (f) = 0 while the uniformly

sampled sine wave only has a peak at the sine curve’s frequency.
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2.2.2 Other Algorithms

Other period finding algorithms exist, like SuperSmoother [21], Conditional Entropy [25],

Bootstrap χ2 [64], among others. With all of these algorithms, there is a trade-off between

accuracy, speed, space, and light-curve shape flexibility. We summarize the three algorithms

above as follows:

• SuperSmoother is especially useful for periodic signals that are not sinusoidal [9, 30],

has a time complexity and space complexity of O(nm), and it is susceptible to aliasing

[23].

• Conditional Entropy also has time complexity of O(nm), is less accurate than L-S for

fast periods, and is susceptible to aliasing [17].

• Bootstrap χ2 is the slowest, with a time complexity of O(snm), where s is the number

of bootstrap samples, but it is the most accurate, with aliasing having the smallest

effect on this method compared to the others described above [64].

L-S has the same time complexity as SuperSmoother and Conditional Entropy, all three

being smaller than Bootstrap χ2. As SuperSmoother has a space complexity of O(nm) while

L-S and Conditional Entropy have a space complexity of O(n+m) ≈ O(m), SuperSmoother

was not used. Finally, since L-S and Conditional Entropy are similar, and L-S is the the

standard algorithm used for deriving the periods in astronomy, we elect to use L-S in this

paper. However, any period finding algorithm that produces a periodogram is capable of

implementing the methods described in Section 3.2.

2.3 Data Used

The upcoming LSST— to be carried out with the Vera C. Rubin Observatory that is

presently under construction in Chile — will revolutionize many fields of astronomy [32].

LSST will generate sparse photometry on the around 500–1000 measurements over ten years
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for some 40 billion astronomical sources. The vast majority of these will be sidereal objects

(stationary on the sky); around 5 million of them will be moving objects. Many of these

LSST-observed sources will be variable, with regular periods, so it is of interest to develop

and implement accurate period-finding algorithms that can operate at the vast LSST scale.

The ongoing all-sky survey being carried out by the Zwicky Transient Facility (ZTF,

Bellm et al. [10]) acts as a kind of LSST precursor. ZTF is carrying out a public survey that

is very LSST-like in terms of cadence, data type, and data accessibility, but at something

like one-tenth the LSST scale.

The work presented here has its origin in Solar System science and asteroid period find-

ing but is relevant for period-searching for any kind of astrophysical source in either ZTF

or LSST data. For ZTF, we used asteroid data from SNAPShot1 [62], which used ZTF ob-

servations from 2018–07–19 to 2020–05–19, using only numbered asteroids with more than

50 observations with Real-Bogus scores ≥ 0.55 [19]; the Real-Bogus cut eliminated about

9% of all observations.

There is no actual LSST data yet as science operations will commence in 2024, so we

used the LSST Solar System Product Database (SSPDB, Juric et al. [34]), a complete sim-

ulation of asteroid observations over the 10 year nominal lifetime of LSST, as our LSST

testbed. However, the objects in this synthetic database are all assumed to be spherical

and thus, unlike almost all real asteroids, do not show shape-induced periodic variability in

the lightcurves. We therefore assigned lightcurve amplitudes and rotation periods to each

SSPDB object, as described in Appendix A.1.

2.4 Methods

In this section, we present our de-aliasing analysis on the ZTF and SSPDB asteroid

data sets. We use three methods from the literature — masking; Monte Carlo (MC); and

VanderPlas (VP)— and present our new approach, the window method. Broadly speaking,

the MC method tries to remove aliasing through subsampling (with multiple trials), whereas
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the other methods attempt to remove signals at the expected alias periods.

One method that will not be tested is the False Alarm Probability [7]. False Alarm

Probability is sometimes incorrectly used as a proxy for the goodness of a L-S solution.

However, False Alarm Probability is a way of calculating the probability p = (power|noise):

the probability that a given periodogram power is part of the noise of the periodogram [7, 63].

If there is an alias peak with a larger P (f) than the real peak, then it would have a lower

False Alarm Probability. Because False Alarm Probability is not testing for the authenticity

of a signal related to the physical period in the system being monitored, it is not a useful

method for determining if a peak is a real period or an alias.

2.4.1 Masking

Masking is the most straightforward approach presented in this paper: solutions near

the known alias solutions are simply rejected. The alias periods or a small range around the

alias can be removed (masked out) from the periodogram so the real period’s peak would

therefore have the largest remaining P (f). Usually, there are multiple aliases, so several

masks are needed to remove them.

This method was used in Erasmus et al. [20], which presented asteroid photometry from

Asteroid Terrestrial-impact Last Alert System and ZTF where they masked out periods of

{8, 12, 16, 24, 48} hours. The remaining periodogram peaks with the largest power were

then found to be those representing super-slow rotation periods. Erasmus et al. [20] showed

that the masking method is a viable way of removing alias period solutions so we incorporate

this method into our analysis. This method was also used in Coughlin et al. [17], which used

a similar method to derive the mask ranges as described below. The Coughlin et al. [17]

mask ranges, in rotation period space, are [(0.5, 0.5), (0.51, 0.51), (0.52, 0.52), (5.93, 6.08),

(7.87, 8.14), (11.71, 12.31), (22.86, 25.26), (46.15, 50.0), (600.0, 800.0)] hours.

Table 2.1 and Figure 2.2 show the period ranges that are masked out for each dataset.

The mask ranges were derived through the following steps:
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Dataset Mask Ranges
ZTF (4.789, 4.814), (5.989, 6.014), (7.972, 8.014), (11.947, 12.039), (23.764,

24.164)
SSPDB (4.789, 4.839), (5.939, 6.039), (7.939, 8.039), (11.889, 12.039), (23.639,

24.239)

Table 2.1: The period ranges (exclusive) for each of the datasets to be excluded from the
(light-curve) period space. Note that these ranges are light curve periods, not rotation

periods, where an object’s light curve period is half its rotation period.
Z
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Figure 2.2: Visualization of the mask ranges from Table 2.1. The black bars indicate the
masked regions where all solutions are rejected. ZTF and SSPDB have similar, but not

exactly the same, ranges.

1. Generate a histogram of the derived periods.

2. Create a new mask range by selecting the bin with the highest number of objects. For

example, if the bin with the most objects is [23.9 h, 24.1 h], then it would be added as

a mask range.

3. Re-derive the periods with this new mask range.

4. Repeat steps 1 through 3 consecutively, adding new masks. Then select the mask

ranges that provide the maximum match percentage to a database of accurate periods

for the objects. For example, Figure 2.3 shows percent match against the Light Curve

Database (LCDB; Warner et al. 67) as a function of the number of masks for ZTF.

The ranges for both ZTF and SSPDB are similar (Table 2.1 and Figure 2.2), but not all

surveys will have these same ranges because they will have different cadences and different

observational errors. Despite this, we expect that all ground-based surveys will have the 24 h
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Figure 2.3: The match percentage for each new mask range. The x-axis is the number of
0.05 h size mask ranges. The y-axis is the match percentage.

Year 1 2 3 4 5 6 7 8 9 10
24 h Mask Width (h) 0.44 0.75 0.68 0.63 0.58 0.60 0.60 0.83 0.60 0.60

Table 2.2: The widths of the mask around 24 h for SSPDB observations up to Year 1, 2, 3,
etc.

alias. Even though ZTF and SSPDB are similar surveys, SSPDB’s mask ranges are “wider”

than ZTF’s. The reason for this is probably because of slight differences between the two

surveys and SSPDB’s longer timescale. Table 2.2, which is the widths of the mask around

24 h for observations of SSPDB up to year 1, year 2, etc. The size of the 24 h mask range

fluctuated on the range of 0.44 h to 0.83 h, which are all greater than ZTF’s 24 h mask range

size of 0.40 h. The widths do seem to converge on a width of 0.60 h but Year 8’s mask width

does not follow the trend.

Advantage: The primary advantage of this approach is that it is the fastest to compute.

The time complexity for the method is O(nm), where n is the number of data points used

and m is the number of frequencies examined. If the masks are pre-computed, the run time

is slightly faster compared to a normal LSP because, with the same frequency range and

∆f , fewer frequencies (m) would have to be examined as the frequencies in the mask ranges
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would be excluded.

Disadvantage: This method has the disadvantage that true periods that are within one

of the masked ranges will never be identified. The LCDB contains a large number of curated

asteroid rotation periods and only about 1% − 2% of objects in the LCDB have rotation

periods that are in the masked ranges of Table 2.1, so only a low number of objects would

be impacted.

2.4.2 Monte Carlo (MC)

Since aliases are generated by the observing cadence intervals, randomly subsampling the

observations, across many trials, might suppress the signal from the aliases. An overall peri-

odogram for each asteroid can then be found either by finding the most common peak power

from each trial’s periodogram, or by summing over all the periodograms. Some attention

must be paid to ensure that the time baseline of the subsample (Tsub) is greater than Pmax,

the period corresponding to the minimum frequency examined, otherwise, L-S will derive

the period of a partial light-curve, causing an incorrect period to be derived. For large scale

surveys, like ZTF and LSST, that produce sparse photometry over years, this is not an issue

as Tsub will always be greater than Pmax for any reasonable Pmax.

For the calculations in this paper, we used 100 selection samples/trials (i) per object

with 50 random observations (n). SSPDB objects had to have at least 200 observations

while ZTF objects only had to have 90 observations so there would be enough objects to get

a large statistical sample. These parameters were found via an ad hoc process of changing

the minimum number of observations required, the number of observations per subsample,

and the number of MC trials to find a high match percentage.

Finally, we sum the un-normalized periodograms over all trials to yield the overall peri-

odogram. The highest peak from this periodogram is used as the derived period.

Advantage: This method has the advantage that, compared to the other methods, it is

the most oblivious to aliases like those in Table 2.1. Unlike the masking method, the MC
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method could derive a correct rotation period that happens to be an alias.

Disadvantage: This method also requires more observations than the other methods

discussed because in order to produce a credible periodogram, the number of observations

in each subsample needs to be sufficiently large while also being significantly smaller than

the total number of data points. This is needed so that pairs of observations that are, for

example, 24 h apart are excluded from the same subsample.

This method is also the slowest, with a time complexity of O(nmi), where n is the number

of data points used for each iteration, m is the number of frequencies checked, and i is the

number of selection samples.

2.4.3 Window

The window function derives aliases caused by the observational cadence. It takes the

temporal data from an object’s observations to produce a periodogram-like output where a

frequency having a high power corresponds to high aliasing [63].

Pw(f ; {tn}) =

∣∣∣∣∣
N∑

n=1

e−2πiftn

∣∣∣∣∣
2

(2.2)

Equation 2.2 shows the window function, but VanderPlas [63] showed that a LSP can be

used as an approximation of the window function if in Equation 2.1, gn = 1; this simulates

a completely spherical, homogeneous object. Therefore, any signal present in the window

periodogram would be aliasing caused by the underlying cadence.

Figure 2.4 provides an example of how an object’s LSP and window periodogram relate.

There are three key observations from Figure 2.4: (1) there are peaks in the LSP that do

not correspond to the real period, (2) all of the significantly strong peaks that are in the

window periodogram also appear in the LSP, and (3) there exist peaks in the LSP that are

not the real period or in the window periodogram; these are pseudo-aliases. The example

pseudo-alias marked in Figure 2.4 is ((1/P )− (1/24 h))−1 where P is the real period for the
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Figure 2.4: The LSP and window periodogram for an object from SSPDB. The LSP is in
red and the window periodogram is in blue. The given period for the object is marked by
the dash-dot-dash line and its peak is only present in the LSP. The dashed line marks an

example pseudo-alias which is also only present in the LSP. The peaks in the window
periodogram are the aliases which are also all present in the LSP.

object [64].

Previous algorithms that use the window function, like deconvolution and CLEAN, do

not work for removing aliases [63] because they assume that the strongest peak in the peri-

odogram is the peak that corresponds to the real period. Here we present a new way to use

the window function to remove aliases, where the pseudocode can be found in Algorithm 1.

This differs from deconvolution and CLEAN because they rely on deconvolution for their

alias removal while Algorithm 1 does not.

Algorithm 1 takes an object’s time of observation T = {t1, t2, . . . , tn} (time), observed

magnitudes G = {g1, g2, . . . , gn} (mag) where n is the number of observations, and the

frequency grid on [fmin, fmax] (freqs) as arguments. The LS and Window functions on lines 2

and 3 calculate the L-S and window periodograms respectively. The findPeaks methods

on lines 4 and 5 find the peaks in those periodograms and returns the peak frequencies and

their powers. Line 6 sorts the LSP peaks by their power in descending order. Line 9 loops

until the current LSP peak is not contained in the window peaks. If the LSP peak is in the

set of window peaks, the index of the current peak is incremented. Line 12 tests if all of

the detected LSP peaks have been compared against the set of window peaks. If they have,
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Algorithm 1 Our method of using the peaks in the window periodogram to check if a peak
in the LSP is an alias.

1: procedure windowMethod(time, mag, freqs)
2: pgramLS ← LS(time, mag, freqs)
3: pgramWindow ← Window(time, freqs)
4: LSPeaks ← findPeaks(pgramLS)
5: WindowPeaks ← findPeaks(pgramWindow)
6: sort(LSPeaks)
7: NPeaks ← length(LSPeaks)
8: index ← 0
9: while index < NPeaks and LSPeaks[index] ̸∈ WindowPeaks do
10: index ← index+1
11: end while
12: if index ≥ length(LSPeaks) then
13: correctPeak ← LSPeaks[0]
14: else
15: correctPeak ← LSPeak[index]
16: end if
17: return correctPeak
18: end procedure

then the peak with the highest power is used as the correct peak (although this is probably

an alias), otherwise, the peak at the current index is used as the correct peak. The correct

peak is then returned. A python implementation is available as a GitHub gist here5.

Advantage: This method has a distinct advantage over the masking method. The

window function exposes aliases on a per-object basis, whereas the masking method uses a

single set of masks for all objects in a catalog. Consequently, the window method may enable

finding correct periods that are typical aliases (e.g., those defined in Section 2.1), whereas

the masking method excludes all of these periods.

Disadvantage: Using Algorithm 1, this method has the same time complexity for L-S as

the other methods, which is O(nm). It also has an additional time complexity for the peak

finding algorithm, Ψ, which we describe below. However, since this method requires two LSP

to be calculated, it is at least twice as many operations as the LSP. The implementation for

the window periodogram peak finding function considered any power greater than 5σ from

5https://gist.github.com/drk98/6b15633e8fc43e8daf6b628548006376
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L-S
Min. Peak Height

L-S
Peak Order

ZTF 1/7 10,000
SSPDB 1/10 3000

Table 2.3: The parameters for the window/VanderPlas methods. “L-S Min. Peak Height”
is the minimum power of a peak, relative to the highest power, to still be considered a
peak. For example, for LSST, if the highest peak’s power was 0.8, then the peak power

cutoff would be 0.08. “L-S Peak Order” is the “order” argument to the argrelmax function
in scipy/cuSignal.

0, where σ is the standard deviation of all the powers in the window periodogram, a peak.

The LSP peaks were found using the argrelmax function in SciPy/cuSignal [53, 66], which

has a time complexity Ψ of O(om) where m is the number of frequencies examined and o is

the order parameter. The order parameter for argrelmax and the minimum peak height,

relative to the strongest peak, is located in Table 2.3.

2.4.4 VanderPlas (VP) Method

VanderPlas [63] describes a method for removing aliases that also utilizes the window

function. The difference between this method and the window method is that it compares

more peaks between the LSP and window periodogram and in particular it considers pseduo-

aliases.

The VP method steps are as follows, where fpeak = max(P (f)):

1. Check if there are any peaks in the LSP at fpeak/m, where m ∈ {2, 3} which checks if

the found peak is an integer multiple of the real peak.

2. Check for peaks at fpeak±nδf, where n ∈ {1, 2} and where δf is the frequency having

the highest window periodogram power.

3. Manually check the highest peaks and fit a model to find the best one. We ignore this

step as this requires human intervention, which is not feasible for large-scale survey

data.
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This method has the same time complexity as the window method at O(nm) + Ψ, where

Ψ, when using argrelmax, is O(om) and it shares its advantages and disadvantages since

the methods are similar. The implementation also uses the same parameters as the Window

method, located in Table 2.3.

2.5 Results

All L-S and window functions used the implementations from SciPy/cuSignal, using

5× 106 frequencies on a uniform period grid on [1 h, 150 h].

As a baseline, Figure A.2 shows the period distribution when no dealiasing is applied

and Figures A.3–A.6 shows the period distributions for the four methods presented above.

Figure A.7 also shows the evolution of SSPDB’s period distribution over time.

Each of the distributions has spikes at aliases, meaning that none of the approaches

are completely successful at removing all aliases because we assume that the true period

distributions for our population are continuous .

Our next step is to compare the derived results with known values. For ZTF period

solutions, the known values are provided by the LCDB (Section 2.4.1), which contains few

alias solutions because of human curating and/or observational cadence that do not have

aliasing at the derived periods. There are 2544 objects that are in both the LCDB and

ZTF; all of them were used for the calculations. For the SSPDB, since we assigned rotation

periods for every object, verifying the correct periods in aliased and de-aliased solutions for

this case is straightforward.

The percentage match between the derived period and the real period is shown in Ta-

ble 2.4. Objects were considered to have matching periods if their period, half their period, or

double their period was within 10% of the LCDB (for ZTF) or assigned period (for SSPDB).

The baseline method for both surveys had a match rate of over 50%, so most objects have

their correct period derived. Once the methods were applied, the masking and window

methods increased the match percentage over the baseline for both surveys while the MC
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Method
Percentage Match Percentage Change

ZTF SSPDB ZTF SSPDB
None/Baseline 64.8% 57.9% — —

Mask 65.8% 74.5% 1.56% 28.6%
MC 70.1% 53.5% 8.08% −7.61%

Window 69.0% 71.5% 6.39% 23.4%
VP 14.0% 8.91% −78.4% −84.6%

Table 2.4: The percentage match between the derived period and the real period for the
three surveys and the percentage change from the baseline. The “None/Baseline” row is
when none of the methods were used and the highest LSP power was used as the derived

period. SSPDB used a sample of 10,000 objects.

method only increased the match percentage for ZTF, and the VP method decreased the

match percentage for both surveys.

2.6 Discussion

We begin by examining ZTF and excluding the VP method (which will be described

later). The best match percentage using ZTF is with the MC method; however, all of the

methods are within ≈ 6% of each other, including the baseline. At a minimum, if de-aliasing

is needed for a ZTF-like survey, the masking method should be implemented as it incurs no

extra cost. If computational cost is not prohibitive, then the MC should be implemented.

In all cases (except where VP is implemented), our results suggest that around two-thirds

of all reported solutions are likely to be correct.

For SSPDB, the variation among non-VP approaches is greater than for ZTF, ranging

from barely better than 50% (MC) to almost 75% accurate (masking). Notably, the MC

method performs worse than the baseline. We first hypothesized that the long baseline of

the SSPDB observations leads to the points in each subsample being too temporally distant6

for L-S to reliably derive the correct period. There is some evidence of this, because when

only three years of SSPDB data is used, the overall match percentage increases from 52.8%

6This is only an issue for the MC method. Having a long baseline of observations is beneficial for the
other methods.
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to 53% when using the MC method. This increase is not as large as ZTF’s MC increase and

it could be argued that the 0.2% increase is not significant, so our initial hypothesis could be

wrong and the difference in MC’s performance is the result of ZTF’s and SSPDB’s cadence

and/or data quality being different.

The VP method was the worst performing of the methods as it seems to incorrectly select

aliases/pseudo-aliases, causing the method to “overcorrect”. Figure A.6 shows that there

are regions where no periods are detected and periods tend to be derived at longer periods,

meaning that the correct periods get derived a small percentage of the time. With the VP

and window methods being similar, we hypothesize that the reason the VP method is worse

is that the pseudo-alias check causes an overcorrection of the periods.

One may wonder whether the match percentages found here could be improved since

all of the methods still have derived periods at or near aliases. It is possible that better

parameters for the methods could be found with a more exhaustive search of the parameter

space, like those in Table 2.3. However, such a search is impractical due to the large volume

of data in the catalogs.

For the masking method, since it is static and therefore unable to react to changes

in aliases, the masks might have to be re-derived after the survey starts if an inaccurate

simulation was used or if the observational cadence of the survey changes during the survey.

One important conclusion is that the best de-aliasing approach is not the same for ZTF

and SSPDB, which implies that a study like this should be carried out for every large-scale

survey. If this is impractical and a single uniform approach is preferred, we identify the

masking process as the most effective, though this conclusion is based only on the two data

sets considered here.

2.7 Conclusions and Future Work

We used two sets of survey data, one real and one synthetic, to test four de-aliasing

techniques for period solutions from all-sky surveys.
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We find that the masking method provides the overall best results and should be chosen

for any given survey. This method has a relatively low time complexity. The masks for

ZTF and SSPDB, and therefore LSST, have been generated and are presented in Table 2.1.

The window method would also be a good choice to apply if the computational performance

loss compared to the masking method is not important as it provides aliases for each object

individually. However, we note that results may vary from survey to survey, and the best

approach is to carry out individualized studies, such as this one.

This paper leads to several lines of future investigation:

• Improving the window method so it provides a higher match rate.

• Use several of the methods together to see if that improves the match rate.

• Develop a GPU version of the MC method in order to decrease its expensive compu-

tation time.

• Develop a method that removes the pseudo-aliases.

• Test how differences in a survey’s simulated data and its real data change its mask

ranges.

• Develop and test methods for determining a “confidence” in a periodogram result in

order to better gauge if a derived period result is correct.
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Chapter 3

The Effect of Different LSST Cadences on Derived Rotation

Periods for Solar System Small Bodies

Daniel Kramer12, Michael Gowanlock12, David Trilling21

Submitted to The Astronomical Journal on 2023-03-30.

3.1 Introduction

Upcoming large-scale astronomical surveys, like the Legacy Survey of Space and Time

(LSST, Ivezić et al. [32]), will produce a vast trove of sparse astronomical data. LSST

will observe around 40 billion sources over 10 years; around 5 million of these will be from

small bodies in the solar system. All small bodies have some physical rotation period and

correctly determining its period provides important for understanding he origin and evolution

[11, 12, 56] and the physical properties [44] of the object.

Determining an object’s rotation period is one of the most challenging problems large

scale surveys pose to small body astronomy. The main cause of incorrect periods is the

sparse observing of objects/fields of these surveys, along with the day-night cycle of the

Earth [36, 63]. This causes aliasing and pseudo-aliasing, effects where the cadence of a

survey injects an incorrect signal into the rotation period periodogram— the signal strength

1School of Informatics, Computing, and Cyber Systems, Northern Arizona University, Flagstaff, AZ
86011, USA

2Department of Astronomy and Planetary Science, Northern Arizona University, Flagstaff, AZ 86011,
USA
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of angular frequencies that appear in a time-series.

Part of the current LSST development is determining an observing strategy that maxi-

mizes the science results of different research areas [40]. In order to accomplish this, LSST

Science Collaboration et al. [40] and members of the greater scientific community created

different types (families) of observational cadences. Simulations of LSST observations using

these families were then generated, refined, and then generated again. At the time of this

writing, version v3.0 has been released, bringing the total number of simulations34 to 602.

In order to test the simulations, the Metrics Analysis Framework (MAF, Jones et al.

33) was created. Its purpose was to test the effectiveness of a simulation for many differ-

ent science cases. However, none of the science cases MAF addresses study the impact of

different cadences on deriving small body rotation periods. This paper addresses this defi-

ciency injecting synthetic asteroids into the LSST cadences and measuring the effectiveness

of deriving rotation periods in each cadence.

This paper is organized as follows: Section 3.2 describes the methods used to generate and

process the simulations, Section 3.3 discusses the results from the simulations, Section 3.4

provides our discussion of the results of the paper, and Section 3.5 presents our conclusions.

3.2 Methods

The three main steps in obtaining synthetic asteroid rotations from a simulation were

obtaining the simulations (Subsection 3.2.1), generating synthetic observations (Subsec-

tion 3.2.2), and generating rotation periods from the observations (Subsection 3.2.3).

3.2.1 Simulated LSST cadences

The LSST cadence simulations are stored at http://astro-lsst-01.astro.washington.

edu:8081/ and http://astro-lsst-01.astro.washington.edu:8080. Seven different fam-

3http://astro-lsst-01.astro.washington.edu:8081/
4http://astro-lsst-01.astro.washington.edu:8080
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ilies characterize the simulations:

• Baseline: This family contains baseline simulations, which all the other simulations are

built on. The properties of this family can be found the the notebook linked below.

This family has 3 simulations.

• Deep Drilling Field (DDF): This family has dedicated observing times in which certain

predetermined fields (the Deep Drilling Fields; DDFs) are observed continuously with

some interjection of the “normal” fields. When not targeting a DDF, this cadence

follows the baseline simulation. This family has 92 simulations.

• Good Seeing: This family has at least three images per year with < 0.8′′ seeing with

certain filters. This family has 14 simulations.

• March Start: This family starts in March 2023 instead of an October 2024 start. This

family has 1 simulation.

• No Repeat: This family suppresses repeat observations to fields that have already been

observed that same night. This family has 6 simulations.

• Galactic Plane Footprint: Compared to the baseline, this family observes more fields

on the galactic plane than in the galactic bulge. This family has 16 simulations.

• Varying Exposures: This family varies the exposure time of each image from the base-

line of 30 sec. This family has 9 simulations.

More information on the families and their subfamilies can be found at https://github.

com/lsst-pst/survey_strategy/blob/main/fbs_2.0/SummaryInfo_v2.1.ipynb.

All simulations are appended by their version number and the length of the simulations

(i.e. the string 2.1 10yrs appended at the end of a simulation name means it is a v2.1

simulation that spans ten years). Since all of the simulations examined here are ten years

in length, in this paper we omit this part of the simulation name, for brevity. The v2.1

simulations have also had their version number omitted in this paper.
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It should be noted that all LSST simulations follow the general “wide fast deep” ap-

proach, meaning that, in the absence of programmatic requirements as described above,

fields are prioritized to minimize airmass, slew time, and other inefficiencies in a nightly

survey program.

3.2.2 Injecting synthetic Solar System objects

For a population of objects, we used the Pan-STARRS Synthetic Solar System Model

(S3M; Grav et al. 27). S3M provides a list of 4.33 × 106 objects, their orbital parameters,

and some physical properties, like absolute magnitude in different filters.

The following steps were carried out to generate small body observations for each simu-

lation:

1. 15,000 objects were randomly sampled from S3M. 15,000 was chosen to provide a large

statistical sample of objects while not taking a “long” time for the following steps to

compute.

2. These objects, along with the cadence being examined, were used as input for Objects

In Field5 (oif), which calculates the orbits of the objects and determines which objects

are in the field of view in each simulated “image” of the telescope. For this step we

used a fork6 of oif that implemented an improved interface to call oif from other

Python7 code.

3. We used surveysimPP8 to augment the oif output by calculating photometric er-

ror, adjusting the observed magnitude of the object based on its size, and imposing

the field’s magnitude limits. We used a fork9 of surveysimPP that implemented an

improved interface to call surveysimPP from other Python code.

5https://github.com/AsteroidSurveySimulator/objectsInField
6https://github.com/drk98/objectsInField
7https://www.python.org/
8https://github.com/dirac-institute/survey_simulator_post_processing
9https://github.com/drk98/survey_simulator_post_processing
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4. The objects generated from oif and surveysimPP do not have shape-induced rotational

light-curves. We used the Light Curve Database (LCDB, Warner et al. [68]) period

distribution and an amplitude distribution with a gamma distribution implemented

from SciPy [66], and the parameters a = 0.48 and 1
β

= 0.18 to assign each object with

a light-curve. The maximum period allowed was 500 h and the minimum amplitude

allowed was 0.1mag.

5. The absolute magnitude for each observation was then generated using

phase curve tools10.

6. All of the observational data is stored in a MongoDB11 collection for each simulation.

3.2.3 Period Derivation

Our next step is to derive the rotation period for each object in each simulation. We used

the Lomb-Scargle Periodogram (LSP, Lomb [38], Scargle [57]) approach implemented with

GPU Lomb-Scargle [24]. The mean magnitude of each filter’s observations was subtracted

from the filter’s observations. This set the mean magnitude of each filter to 0. The filter’s

data was then concatenated together to create a single band of data with a mean magnitude

of 0. The periodogram was then computed on this single band of data on a even frequency

range 1
500

h−1 to 1 h−1 with 5× 106 frequencies.

The highest power from the periodogram was used as the derived period and was then

stored in a sister MongoDB collection to the simulation’s output collection.

3.3 Results

There were 141 simulations used, 139 from the v2.1 simulations and the two v1.7/v1.7.1

baseline simulations. Over all of the 141 simulations, there were 3.935 × 108 observations,

corresponding to about 2.791×106 observations per simulation. The v1.7/v1.7.1 baselines

10https://github.com/drk98/phase_curve_tools
11https://www.mongodb.com/
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Figure 3.1: The match percentage for each of the 141 simulations. The x-axis is the
simulation’s match percentage ranking ordered from lowest to highest. The y-axis is the

match percent for the simulation. Each simulation family is marked.
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Figure 3.2: The same as Figure 3.1, but with the best and worst rank labeled. The
de-aliased result from Kramer et al. [36], which used the LSST Solar System Product

Database (SSPDB), is added for comparison.

were included as comparisons for the v2.1 baseline and the results from Kramer et al. [36],

which are discussed further in Section 3.3.1.
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3.3.1 Total Match Rate

In order to determine which simulation is the best at correctly deriving asteroid periods,

the match percentage between the derived period and the assigned period is calculated. A

derived period within 5% of the object’s assigned period was considered correct. The match

percentage for each simulation is presented in Table 3.1.

All simulations are within 4.68% of each other — a relatively small range of results — with

a mean match percentage of 53.81%. Simulation ddf early deep slf0.20 f10.60 f20.75

had the best match rate with 55.56% and shave 20 had the worst with 50.88%.

Figure 3.1 shows the match percentages of each simulation from Table 3.1 as a function

of rank, where each major family has the same color/symbol. This figure shows that, on

average, the DDF (Deep Drilling Fields) family has the greatest match percentage of the

seven families. It also shows a dichotomy in the Varying Exposure family, where the long

exposure simulations have a high match percentage and the short exposures have a low

match percentage.

Kramer et al. [36] carried out an analysis of several de-aliasing approaches that can be

used when deriving asteroid rotation periods (or other regular periodic behaviors). For one

of their datasets, they used the LSST Solar System Product Database (SSPDB, Juric et al.

[34]), the official LSST asteroid simulation; SSPDB is based on baseline nexp2 v1.7.1,

which was included in this analysis.

All of the match percentages presented here are less than the baseline results from

Kramer et al. [36], which has a match rate of 57.9% (Figure 3.2). The match percentage for

baseline nexp2 v1.7.1 presented here — straight from the observations — is 4.14% less

than the baseline result presented in Kramer et al. [36]. This discrepancy is discussed more

in Section 3.4.
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3.3.2 Match Rate Over Time

The observational record for each simulation allows us to determine the behavior of each

simulation in terms of match percentage and observation count over the ten year lifespan of

LSST.

To accomplish this, the simulation with the match percentage closest to the family’s

mean match percentage was chosen:

• shave 35

• shave 25

• baseline nexp2 v1.7.1

• ddf quad slf0.10

• good seeing gsw0.0

• no repeat rpw-20.0

• plane priority priority0.3 pbt

The March Start family was not included because of its similarity to the baseline simu-

lations. The Varying Exposures family was split into its low match percent and high match

percent families because of the clear dichotomy in those two groups ([50.58%, 53.61%] and

[54.52%, 55.53%], respectively). We are assuming that each of the simulations in a family

will have approximately the same match rate over time.

For these seven simulations, periods were derived, as described in Section 3.2.3, for all

the observations up to the end of year 1, the end of year 2, etc. Figure 3.3 shows the each

year’s match percent, normalized to its year ten match percentage. This figure shows that,

without a minimum observation cutoff, no simulation will obtain > 40% of its year ten match

percentage in year one. Also, none of the match rates plateau, meaning that, if LSST were

to go for longer than ten years, higher match rates could be achieved.
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Figure 3.4 is similar to Figure 3.3, but with the requirement that each object in the

simulation had to have > 50 observations to be included. This figure shows that, with a

50 observation minimum, most simulations recover 90% − 95% of their final match rate at

year 1. Two simulations also started at a greater match rate in year one (and only in year 1)

than in year 10 (this unexpected results is discussed in Section 3.4). In this case (as in

Figure 3.3), the match rate does not plateau so higher match rates could be achieved if

LSST had a longer baseline.

Figure 3.5 shows box and whisker plots of the number of observations over time. This

figure shows that the non-Varying Exposure simulations have about the same median num-

ber of observations and about the same maximum number of observations as each other.

Simulation shave 25, which has 25 sec exposures, has the highest median and highest max-

imum number of observations (except for one object from Good Seeing) while simulation

shave 35, which has 35 sec exposures, has the lowest median and lowest maximum number

of observations.
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Figure 3.3: The overall percentage of the year ten match rate for the average families in
each simulation. The x-axis is the year and the y-axis is the percentage of the year ten

match rate.
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No. Simulation Name
Match

(%)
No. Simulation Name

Match
(%)

No. Simulation Name
Match

(%)
1 ddf early deep slf0.20 f10.60 f20.75 55.56 48 ddf accourd sf0.10 lsf0.3 lsr0.5 54.13 95 shave 32 53.61
2 shave 40 55.53 49 ddf accourd sf0.10 lsf0.3 lsr0.3 54.09 96 ddf quad slf0.20 53.58
3 shave 35 55.06 50 ddf dither size slf0.20 md0.50 54.09 97 no repeat rpw-10.0 53.58
4 ddf quad subfilter slf0.35 54.93 51 ddf bright slf0.30 54.08 98 ddf accourd sf0.25 lsf0.4 lsr0.1 53.56
5 shave 38 54.88 52 ddf accourd sf0.05 lsf0.4 lsr0.1 54.08 99 good seeing gsw1.0 53.54
6 ddf early deep slf0.20 f10.60 f20.70 54.87 53 ddf accourd sf0.25 lsf0.3 lsr0.1 54.07 100 no repeat rpw-1.0 53.54
7 ddf early deep slf0.20 f10.60 f20.80 54.82 54 good seeing u gsw20.0 54.07 101 ddf accourd sf0.10 lsf0.2 lsr0.3 53.53
8 ddf accourd sf0.10 lsf0.1 lsr0.3 54.66 55 ddf accourd sf0.10 lsf0.2 lsr0.5 54.05 102 no repeat rpw-100.0 53.51
9 ddf double slf0.35 54.64 56 ddf quad subfilter slf0.10 54.03 103 ddf bright slf0.20 53.51
10 ddf accourd sf0.10 lsf0.2 lsr0.1 54.63 57 ddf quad slf0.15 54.02 104 plane priority priority0.9 pbt 53.51
11 ddf accourd sf0.05 lsf0.2 lsr0.3 54.61 58 ddf dither size slf0.20 md0.25 54.01 105 ddf season length slf0.10 53.49
12 ddf quad subfilter slf0.25 54.60 59 ddf quad slf0.10 54.01 106 ddf accourd sf0.10 lsf0.4 lsr0.5 53.49
13 ddf deep rolling slf0.20 54.59 60 ddf accourd sf0.30 lsf0.4 lsr0.1 53.98 107 no repeat rpw-20.0 53.49
14 ddf season length slf0.15 54.57 61 ddf accourd sf0.10 lsf0.3 lsr0.1 53.96 108 ddf bright slf0.25 53.49
15 ddf accourd sf0.30 lsf0.4 lsr0.5 54.55 62 ddf accourd sf0.05 lsf0.3 lsr0.3 53.96 109 ddf double slf0.25 53.47
16 shave 30 54.52 63 ddf accourd sf0.20 lsf0.3 lsr0.5 53.94 110 no repeat rpw-2.0 53.46
17 ddf accourd sf0.05 lsf0.2 lsr0.5 54.51 64 baseline nexp2 v1.7 53.92 111 ddf bright slf0.10 53.44
18 ddf dither size slf0.20 md0.10 54.51 65 ddf accourd sf0.20 lsf0.4 lsr0.3 53.91 112 ddf dither size slf0.20 md0.70 53.44
19 ddf accourd sf0.05 lsf0.4 lsr0.5 54.51 66 ddf old rot slf0.15 53.90 113 shave 28 53.43
20 ddf accourd sf0.25 lsf0.3 lsr0.3 54.48 67 good seeing gsw50.0 53.89 114 good seeing u gsw6.0 53.43
21 good seeing gsw6.0 54.48 68 ddf double slf0.30 53.89 115 ddf dither size slf0.20 md1.50 53.43
22 ddf accourd sf0.25 lsf0.3 lsr0.5 54.46 69 ddf double slf0.20 53.88 116 no repeat rpw-5.0 53.42
23 ddf accourd sf0.20 lsf0.4 lsr0.1 54.44 70 good seeing u gsw10.0 53.87 117 shave 25 53.41
24 ddf accourd sf0.10 lsf0.4 lsr0.1 54.41 71 ddf accourd sf0.20 lsf0.4 lsr0.5 53.87 118 ddf deep u slf0.20 53.32
25 ddf quad subfilter slf0.15 54.41 72 plane priority priority0.9 pbf 53.86 119 ddf accourd sf0.05 lsf0.1 lsr0.3 53.30
26 ddf euclid moved slf0.20 54.32 73 good seeing u gsw1.0 53.86 120 good seeing gsw20.0 53.28
27 ddf accourd sf0.20 lsf0.3 lsr0.3 54.31 74 ddf accourd sf0.25 lsf0.4 lsr0.3 53.85 121 ddf dither size slf0.20 md3.50 53.21
28 ddf old rot slf0.10 54.29 75 ddf season length slf0.20 53.85 122 plane priority priority0.6 pbf 53.20
29 ddf quad slf0.35 54.26 76 ddf quad subfilter slf0.30 53.85 123 pencil fs2 53.19
30 ddf accourd sf0.25 lsf0.4 lsr0.5 54.26 77 baseline nexp2 v1.7.1 53.80 124 plane priority priority0.6 pbt 53.17
31 ddf accourd sf0.05 lsf0.3 lsr0.1 54.26 78 ddf accourd sf0.20 lsf0.3 lsr0.1 53.79 125 good seeing u gsw0.0 53.16
32 ddf accourd sf0.05 lsf0.3 lsr0.5 54.25 79 ddf dither size slf0.20 md2.50 53.78 126 ddf roll slf0.20 53.15
33 good seeing gsw3.0 54.24 80 ddf old rot slf0.30 53.78 127 ddf quad slf0.25 53.09
34 ddf accourd sf0.30 lsf0.4 lsr0.3 54.22 81 ddf season length slf0.25 53.77 128 ddf accourd sf0.05 lsf0.4 lsr0.3 53.04
35 ddf accourd sf0.05 lsf0.1 lsr0.1 54.22 82 good seeing gsw0.0 53.76 129 plane priority priority0.3 pbt 53.03
36 ddf accourd sf0.05 lsf0.1 lsr0.5 54.22 83 ddf accourd sf0.10 lsf0.1 lsr0.5 53.76 130 ddf accourd sf0.10 lsf0.1 lsr0.1 52.85
37 ddf accourd sf0.05 lsf0.2 lsr0.1 54.21 84 ddf old rot slf0.25 53.75 131 plane priority priority0.2 pbt 52.59
38 ddf dither size slf0.20 md0.01 54.21 85 ddf quad subfilter slf0.20 53.75 132 plane priority priority0.1 pbf 52.56
39 ddf accourd sf0.10 lsf0.4 lsr0.3 54.19 86 plane priority priority1.2 pbt 53.75 133 plane priority priority0.4 pbf 52.51
40 ddf season length slf0.30 54.18 87 good seeing u gsw3.0 53.74 134 ddf bright slf0.35 52.48
41 ddf dither size slf0.20 md1.00 54.18 88 baseline 53.73 135 plane priority priority0.4 pbt 52.41
42 ddf quad slf0.30 54.17 89 ddf old rot slf0.20 53.69 136 pencil fs1 52.40
43 ddf old rot slf0.35 54.16 90 ddf bright slf0.15 53.68 137 plane priority priority0.3 pbf 52.39
44 march start 54.14 91 good seeing gsw10.0 53.68 138 plane priority priority0.2 pbf 51.87
45 ddf season length slf0.35 54.14 92 good seeing u gsw50.0 53.65 139 plane priority priority0.1 pbt 51.86
46 ddf dither size slf0.20 md0.05 54.14 93 plane priority priority1.2 pbf 53.65 140 shave 22 51.43
47 ddf double slf0.10 54.13 94 ddf double slf0.15 53.63 141 shave 20 50.88

Table 3.1: The simulations and their match percentage, ranked by the match percentage.
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Figure 3.4: The same as Figure 3.3 but with for objects with at least 50 observations.

3.4 Discussion

We begin by looking at the Varying Exposure simulation family, denoted by the + markers

in Figure 3.1. There is a correlation between the match percentage and the exposure time,

meaning that, all else being equal, longer exposure times correspond to a higher match rate.

This is because longer exposure times produce smaller observational errors and therefore

higher fidelity solutions. Because the total survey time is fixed, longer exposure times lead

to a decrease in the number of observations per object. Therefore, we find that, for period

derivation, the accuracy of individual observations is more important than the number of

observations, assuming some minimum number of observations (we suggest 50 observations).

We now examine the DDF simulation family, denoted by the ▼ markers in Figure 3.1.

Most of the simulations in this family have a match percentage above the overall mean of

53.81%. This is likely because, even though asteroids are not stationary, the LSST field of

view is so large, that an asteroid could stay in the field for an extended period of time, so the
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Figure 3.5: Box and whisker plots for the number of observations the average simulation in
each family has. For each year, the orange line in each box is the median. The ends of the
box are the first quartile (Q1) and third quartile (Q3) of the number of observations. The

whiskers go to {Q1,Q2} ∓ 1.5× (Q3−Q1) or the minimum/maximum of the data,
whichever comes first. The dots past the whiskers are outlier points.
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object is consistently observed. Constant observations causes a LSP to approach its limiting

case of being a Discrete Fourier transform [63], so accurate periods can be derived. It should

also be noted that some of the DDF simulations under-preform and more work needs to be

done to explain why.

Conversely, the No Repeat simulation family, denoted by the ∗ markers in Figure 3.1

and which is designed to not have repeat visits of a field in a night, has a low match rate.

These two results (DDF and No Repeat) suggest period determinations for small bodies are

improved when there is a small time difference between adjacent observations. (This cadence

also improves the recovery rate of new asteroids [40].)

The match percentage over time (Figures 3.3 and 3.4) shows that some cutoff for number

of observations is needed if periods are to be accurately derived early in the LSST survey.

Interestingly, the DDF and No Repeat simulation have higher match rates at year one than

year ten. The most likely cause for the DDF was because of more DDFs present in year 1

than the average yearly rate. Overall, DDF observations in general are beneficial to small

body period solutions. It is unknown as to why the No Repeat simulations has > 100% in

year one.

The difference between our baseline nexp2 v1.7.1 and Kramer et al. [36], which both

used baseline nexp2 v1.7.1, is most likely because we used an updated version of oif

and/or the post-processing did not use the same parameters (it is unknown the exact post-

processing steps and parameters SSPDB used). Therefore, the 4.14% difference between

baseline nexp2 v1.7.1 and Kramer et al. [36] means all of our results could be 4.14% less

than their real value. This may suggest an overall systematic shift of our derived match

rates. The relative differences from each simulation should remain the same (i.e. shave 40

will always have a better match percentage than pencil fs1).

40



3.5 Conclusions and future work

We used 141 different, official LSST simulations in conjunction with two software tools

to calculate realistic LSST observations for asteroids. Rotations were then assigned to these

objects and then their periods derived. For each simulation, and for families of simulations,

we calculated the percentage of input periods that were derived correctly: the match per-

centage. The total range of match percentage spanned 50.88% to 55.56% with the baseline

simulations being about average.

We found that the simulations that had long(er) exposure times, and therefore fewer

observations, and simulations that had consistent observations of the same field (the Deep

Drilling Field family of simulations) had the greatest match percentage. Future surveys for

which deriving periodic solutions — especially for moving objects — is an important goal

would benefit from high fidelity (signal to noise) measurements and campaigns that target

a single field. DDF-like programs produce a high match rate for a relatively limited number

of small bodies.

We find that the match rate increases over time for every simulation family, and that

is has not plateaued by year ten, suggesting that an even longer survey would continue to

increase the number of accurate period solutions. However, the match rate starts and stays

high when the number of observations per object is required to be 50 or more.

This paper leads to several lines of future investigation:

• The same analysis could be carried out for stellar and non-sinusoidal light curves to

calculate the match percentage for the stationary objects.

• Analysis on deriving a match percentage for a simulation without having to do perform

the computations of simulating small bodies and deriving their periods.

• Investigate why the No Repeat family has a higher match rate in year one than year ten,

and whether that implies something systematic about survey success.
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• Compare actual LSST performance after year 1 of the survey to determine the perfor-

mance of the survey compared to these expected results.
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Chapter 4

Conclusion

In order to improve the accuracy of the derivation of small body rotation periods, we

examined two major objectives: (1) removing aliases after a survey has taken observations

and (2) constructing surveys to have the maximum period match rate.

In Removing Aliases in Time-Series Photometry (Chapter 2) four methods were tested

in order to determine the best one for removing aliases. Using ZTF and SSPDB data, we

found that the window method, where the peaks from the window function are used to

remove alias peaks in a LSP, and the masking method, ignoring certain period ranges in a

LSP, improved the period match rate the most. The MC method was able to improve the

match rate for “short” time baselines (ZTF) and it decreased the match rate for “long” time

baselines (SSPDB). Finally, the VP method reduced the match rate in both surveys.

In The effect of LSST cadences on derived rotation periods for small Solar System bodies

(Chapter 3) 141 official LSST simulations were used to determine the best observing strategy

for deriving small body rotation periods. Using two software packages, Objects in Field

and surveysimPP, the simulations “observed” small bodies and then they had rotations

applied. We found that simulations with long exposures and dedicated observing of a field

resulted in a high match percentage. A byproduct of simulations with long exposures is that

they had a fewer number of observations per object, so highly accurate photometry is more

important to period derivation than more observations. We also found that the match rate

over time did not plateau, so a longer survey would have resulted in a higher match rate.
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Overall, there was no way of deriving small body rotation periods with 100% accuracy.

While the match rate was able to be improved, more work needs to be done to improve

match rates. Sufficed to say, ZTF, LSST, and future all sky surveys will greatly improve our

knowledge of small bodies and, using the techniques of astroinformatics, the work done here

will aid in understanding their physical properties.

4.1 Future Work

The work in this thesis leads to several lines of questions, in no particular order:

• Develop methods for removing pseudo-aliases. None of the work presented

here addresses pseudo-aliases, but they are the next largest source of error that can

be removed. The pseudo-aliases also directly relate to the period of the object, so

removing pseudo-aliases might have the best match percentage. The work that does

this should also propose a better name than “pseudo-aliases”.

• Develop a “confidence” metric for period solutions. As of now, the periods

we derive are all treated with the same confidence, but through some analysis, some

solutions are look “better” than others, so some metric might be able to capture how

good a solution is.

• Testing the de-aliasing methods and the effects of cadence on period deriva-

tion on stellar and non-sinusoidal sources. L-S is not the best at deriving periods

for stellar and non-sinusoidal sources, so the methods used in this thesis should be

tested on them.

• Analyzing the difference between the real LSST period results and the syn-

thetic results. Once LSST has completed, being able to tell how accurate simulations

are would help future surveys derive more accurate simulations.
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• Test different period finding algorithms to find the best algorithm in terms

of speed, space required, accuracy, and ability to be de-aliased. I used L-S

as my period finding method, but there might be a better one to use for small bodies

when using the aforementioned metrics.

• Analyze how an object which has had its period changed affects period

finding algorithms. For objects with periods changed by a collision, can the

time (or a range of time) of the collision be found? Period changers if a field of

research that has had little to no work done, so determining how L-S (or other period

finding methods) periodograms change would be important to know.

• Analyze how changes to the surface of the object (color changing, out-

gassing/becoming active) affect a period finding algorithm’s ability to ac-

curately derive periods. Similar to the last point, how does a LSP change with an

altered surface of an object.

• Test how much the Phase-Amplitude effect [41] reduces the accuracy of

period finding algorithms over long baselines. Since the Phase-Amplitude ef-

fect changes the brightness we observe in a way that phase curve correction does not

correct for, the effect on deriving periods can be significant. Determining when this

effect is large, and therefore should be accounted for, could greatly increase the match

percentage of surveys.

• What is the slowest rotating small body? Erasmus et al. [20] only searched to

5000 h but there could be slower objects.

• What is the fastest rotator an all sky survey like ZTF and LSST could

possibly detect? This value is probably related to Shannon [58], but it is unknown

for uneven sampling what the limit is. Also, at a certain point, the error in time

(since exposures are not instantaneous) and the exposure being over a large part of the
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rotational phase would need to be taken into account.

• How much does combining data from multiple surveys improve the period

match rate? Could a space-based survey be replicated on Earth with having tele-

scopes where at least one is observing? The ATLAS survey is preparing to do exactly

this, but if heterogeneous surveys are used, analysis would have to be done on how

different filter sets and data quality affects the combination of the surveys.

• What is the best way to distribute derived rotation periods (and other

derived properties) to the general public? The LCDB publishes a compiled list

as a CSV file every few months and I have developed rc.nau.edu/snaps for SNAPS

[62] derived data.

• What is the best possible cadence for small body science. This not only

includes deriving their rotation periods, but discovering new objects and improving

the orbits of known objects.

• Can an all sky survey detect the YORP effect [12, 56]? YORP has been

detected through targeted campaigns, but if a survey like LSST could detect it, the

number of objects that have undergone YORP can be greatly increased.

• Can a simulation of LSST be used to better constrain the perihelion gap

problem [49] after LSST has observed new extreme TNOs. A simulation of

LSST can be done where the only objects are TNOs and it can be determined how

efficient LSST is at detecting and confirming now TNOs in different parts of the sky.

• What is the effect of an incorrect phase curve slope parameter (Appendix C)

on the derivation of rotation period. If a bad solution is used, the geometry of

the observation might not be fully removed. I suspect this would only effect super slow

rotation derivation as the timescale of the rotation and orbital period are similar.
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• Can GPULS [24] be improved for large datasets to compute some LSPs on

the CPU? A hybrid algorithm could increase performance since the CPU is idle while

GPULS is running.

• Can all sky surveys be used to calculate shape models for small bodies?

Modeling the shape of small bodies is a subject I have not discussed here, but, since

LSST will observe so many objects, determining if it can derive the shapes is important.

• Use several of the de-aliasing methods together to see if that improves the

period match rate. In Chapter 2, the methods were used independently of each

other, but maybe some combination of them would improve the match percentage

more than just one by itself.
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J. S. Hunkeler, Ž. Ivezić, A. Jain, T. Jenness, G. Kanarek, S. Kendrew, N. S. Kern,

W. E. Kerzendorf, A. Khvalko, J. King, D. Kirkby, A. M. Kulkarni, A. Kumar, A. Lee,

D. Lenz, S. P. Littlefair, Z. Ma, D. M. Macleod, M. Mastropietro, C. McCully, S. Mon-

tagnac, B. M. Morris, M. Mueller, S. J. Mumford, D. Muna, N. A. Murphy, S. Nelson,
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F. Thévenin, J. Torra, S. G. Els, G. Gracia-Abril, G. Comoretto, M. Garcia-Reinaldos,

T. Lock, E. Mercier, M. Altmann, R. Andrae, T. L. Astraatmadja, I. Bellas-Velidis,

K. Benson, J. Berthier, R. Blomme, G. Busso, B. Carry, A. Cellino, G. Clementini,

S. Cowell, O. Creevey, J. Cuypers, M. Davidson, J. De Ridder, A. de Torres, L. Delcham-
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R. I. Anderson, A. H. Andrei, E. Anglada Varela, E. Antiche, T. Antoja, S. Antón,

B. Arcay, A. Atzei, L. Ayache, N. Bach, S. G. Baker, L. Balaguer-Núñez, C. Barache,
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P. Bendjoya, A. Berihuete, L. Bianchi, O. Bienaymé, F. Billebaud, N. Blagorodnova,
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Marcos, J. González-Núñez, J. J. González-Vidal, M. Granvik, A. Guerrier, P. Guillout,
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Levasseur-Regourd, Antti Penttilä, and Edward F. Tedesco. A three-parameter mag-

nitude phase function for asteroids. Icarus, 209(2):542–555, October 2010. doi:

10.1016/j.icarus.2010.04.003.

[48] Karri Muinonen, Irina N. Belskaya, Alberto Cellino, Marco Delbò, Anny-Chantal
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Appendix A

De-Aliasing Appendix

A.1 LSST Generation

For each object from the LSST Synthetic Moving Objects Database, the following

cuts/steps were taken in generating a periodic signal in their data

1. Import all objects with at least 30 observations in at least two filters.

2. Convert the apparent magnitudes to absolute magnitudes using the “filterg12” value

as that filter’s G. LSST uses the Bowell HG system [13] not the HG12 system [47]

even though the field is called “filterg12”. If that filter’s “g12” data was NaN, then the

average of the rest of the filter “g12” values were used. If all the filter’s “g12” values

are NaN, then a value of G = 0.15 was used for all filters.

3. A period and amplitude were generated for each object and a sine wave with those

properties was added to the objects derived absolute magnitudes. Both were generated

using the parameters located in Table A.1 and the resulting distributions are shown in

Figure A.1. The truncated normal distribution used SciPy’s truncnorm function and

the gamma distribution used SciPy’s gamma function.

4. For each filter, the mean of the absolute magnitudes, µH , was calculated. H − µH for

each filter was then concatenated, resulting in a single band of data with µH = 0.

5. The observation data along with the assigned period and amplitude values were stored.
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(a) The period distribution used for LSST.
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(b) The amplitude distribution used for LSST.

Figure A.1: The period and amplitude distributions for LSST. The x-axis is the
period/amplitude and the y–axis is the probability density of each bin (the area under the

histogram is 1).
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Period Amplitude
Distribution Truncated Normal Gamma

Parameters

a −0.1 a 0.48
b 50 1

β
0.18

µ 6
σ 40

Table A.1: The distributions and parameters used for the period and amplitude generation.
Plots for these distributions are available in Figure A.1. The distributions were

approximated from the LCDB data (Section 2.4.1).

70



A.2 Derived Period Distributions
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Figure A.2: The derived period distribution for the given survey using the no method (the
base derived period distribution).
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Figure A.3: The derived period distribution for the given survey using the mask method.
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Figure A.4: The derived period distribution for the given survey using the MC method.
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Figure A.5: The derived period distribution for the given survey using the window method.
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Figure A.6: The derived period distribution for the given survey using the VP method.

A.2.1 LSST Period Distributions Over Time

Figure A.7 shows the derived rotation period distribution for every year of LSST with

no de-aliasing. The main difference each year is the growth of the 24 h alias. In years 1 to

3, the alias peak is not that extreme, but past year 4, the peak becomes more prominent.
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Table 2.1 and Figure 2.2 shows that there are more aliases than just the 24 h and 48 h aliases

shown in Figure A.7 (remember that Table 2.1 and Figure 2.2 are light-curve periods while

Figure A.7 are rotation periods). Those peaks are not reflected in the figure because the

other aliases are “weaker” and only appear once the “stronger” aliases are removed.
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Figure A.7: The derived period distribution for each year of LSST.
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Appendix B

On Deriving Periods

Deriving rotation periods can be a simple, but tricky process. In this thesis, periods have

been derived several times, but here I will go into detail about how to get a period from

raw, telescope data. This process will be for L-S; other period finding algorithms might need

something slightly different.

1. Get the apparent magnitudes, times of observations, and filters. I recommend at least

50 observations for sparse data, but more or less can be used depending on the spacing,

quality, and period of the data.

2. Obtain the distance from the Earth (or observer) to the object (∆) in AU, the distance

from the Sun to the object (r) in AU, and the Sun-object-Earth angle (phase angle,

α) for each observation. A tool like JPL Horizons1 can be used to obtain these values.

3. Calculate the light time correction (LTC), a value that is the time it takes the light

reflecting off the object to the Earth, for each observation by the following equation

LTC = c∆, where c is the speed of light. It is recommended to have the “time” unit

of c be the same as your “time of observations” unit (usually days) and the “distance”

unit be in AU. This results in c ≈ 173.1 AU/d

4. Subtract LTC from the time of observations. This value we will call t.

1https://ssd.jpl.nasa.gov/horizons/app.html
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• If the observations are stored in a database, LTC, along with ∆, r, α, can be stored

alongside each observation

5. Calculate the absolute magnitude of each observation. Information on how to do this

can be found in Section C. We will call this value H.

6. Group the data by the filters the observations were taken in.

7. Calculate the mean of the absolute magnitudes, µH , in each group. Calculate a new

value H0 = H − µH for each group.

8. Combine the groups back together. The order of the observations does not matter for

L-S.

9. Determine the period range you want to search and divide each by 2 (i.e. a period

range of [2 h, 100 h] would become [1 h, 50 h]). We are converting the rotation period

to light-curve period. The lower-bound period will be called pmin and the upper-bound

period will be called pmax.

10. Determine a number of periods to check. Different sources suggest differing number of

periods [24], but I suggest choosing a large value, like 5× 106. We will call this value

m. If time/memory are a concern, change the value to fit within your parameters, but

remember that a fewer number of periods reduces your accuracy.

11. Construct an angular frequency grid ωgrid by creating an array of size m with evenly

spaced values on

[
2π

pmax

,
2π

pmin

]
. It would also be useful to construct a period grid

pgrid =
2π

ωgrid

.

• This step might change depending on what library you use to implement L-S as

some will do this for you; I am assuming you are using SciPy’s implementation

[66].
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12. Run your implementation of L-S using H0, t, and ωgrid. Store the resulting periodogram

into a variable. We will call this P (do not confuse the periodogram P for the period

p).

13. This is the step where you would implement any de-aliasing. We will be ignoring this

step for this guide.

14. The object’s light-curve period will be pgrid[argmax(P )]. To obtain the rotation period,

multiply this value by 2.
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Appendix C

Phase Curve Fitting

Phase Curves are a result of physical properties of an object including its size and sur-

face composition. Phase Curves are an often overlooked part of small body rotations as it

determines the conversion from apparent magnitude to absolute magnitude. Absolute mag-

nitudes are needed because most of the variation in apparent magnitude would be caused of

the varying geometry caused by the orbit of the object and Earth.

There are several systems for small body phase curves, HG [13], HG1G2 [48], HG12

[48], and revised HG1G2 [51]. HG is the most commonly used, so that is what I will be

discussing.

V (α) = Vobs − 5 log(r∆) (C.1)

A Phase Curve is a plot of the Sun-object-Earth angle (phase angle, α) vs the objects

reduced magnitude (V (α)). Reduced magnitude, which is given by Equation C.1 [13], where

r is the Sun-object distance in AU and ∆ is the Earth-object distance in AU, is a partially
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geometry corrected magnitude. To fully correct it, Equation C.2 [13] is used:

10−0.4V (α) = a1ϕ1 + a2ϕ2

H = −2.5 log(a1 + a2)

G =
a1

a1 + a2

(C.2)

Where a1 and a2 are constants to solve for, ϕ1 and ϕ2 are given by Equation C.3 or C.41,

H is the absolute magnitude, and G is the slope parameter. H and G will be gone over

in more detail later in the section. Now, it is trivial show that the solving for H gives you

Equation C.5.

ϕi = WϕiS + (1 + W )ϕiL

W = exp
(
−90.56 tan2

[α
2

])
ϕiS = 1− Ci sin(α)

0.119 + 1.341 sin(α)− 0.754 sin2(α)

ϕiL = exp

[
−Ai

(
tan

[α
2

])Bi

]
A1 = 3.332 A2 = 1.862

B1 = 0.631 B2 = 1.218

C1 = 0.986 C2 = 0.238

(C.3)

ϕi = exp

[
−Ai

(
tan

[α
2

])Bi

]
A1 = 3.33 A2 = 1.87

B1 = 0.63 B2 = 1.22

(C.4)

1Equation C.4 is known as “simple” form
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H = Vobs − [5 log 10(r∆)− 2.5 log 10([1−G]ϕ1 + Gϕ2)] (C.5)

It should be noted that the version of Equation C.5 in Bowell et al. [13] is incorrect. Bowell

et al. [13] has H(α) labeled as apparent magnitude when it should be reduced magnitude.

H is related to the size of the object, where the smaller the H value, the larger the object.

G determines the shape of the phase curve and it is related to the surface properties of the

object, although the exact relation is not known. Bowell et al. [13] states that c-type small

bodies have a mean G value of 0.15 and s-types have a mean of 0.25, but it is common for

G = 0.15 for every object.

To solve for G, there is not a “nice” formula to use. The best way I have found is to fit

H and G values to the object’s phase curve. Since H and G values are mostly constrained

(small bodies we can detect usually fall on the ranges of 3 ⪅ H ⪅ 30 and 0 ⪅ G ⪅ 1), using a

bounded minimization method works best. Using bounds ±10% of the minimum/maximum

values from Vereš et al. [65] should encompass most objects and the Powell minimization

method [52] results in most objects having their H and G values found. A bonus to the

Powell method is that it does not need the derivative of the function, which is not trivial to

calculate.

I have made a python library that will do most of the phase curve work for you. It is

available here2.

2https://pypi.org/project/phase-curve-tools/
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