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A B S T R A C T 

This paper presents GPFC, a no v el Graphics Processing Unit (GPU) Phase Folding and Convolutional Neural Network (CNN) 
system to detect exoplanets using the transit method. We devise a fast-folding algorithm parallelized on a GPU to amplify low 

signal-to-noise ratio transit signals, allowing a search at high precision and speed. A CNN trained on two million synthetic 
light curves reports a score indicating the likelihood of a planetary signal at each period. While the GPFC method has broad 

applicability across period ranges, this research specifically focuses on detecting ultrashort-period planets with orbital periods 
less than one day. GPFC impro v es on speed by three orders of magnitude o v er the predominant Box-fitting Least Squares (BLS) 
method. Our simulation results sho w GPFC achie ves 97 per cent training accuracy, higher true positive rate at the same false 
positive rate of detection, and higher precision at the same recall rate when compared to BLS. GPFC reco v ers 100 per cent of 
known ultrashort-period planets in Kepler light curves from a blind search. These results highlight the promise of GPFC as an 

alternative approach to the traditional BLS algorithm for finding new transiting exoplanets in data taken with Kepler and other 
space transit missions such as K 2, TESS , and future PLATO and Earth 2.0. 

Key words: methods: data analysis – techniques: photometric – catalogues – surv e ys – planets and satellites: detection. 
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 I N T RO D U C T I O N  

ince the disco v ery of the first exoplanets (Wolszczan & Frail
992 ; Major & Queloz 1995 ), more than 5000 exoplanets have been
ound and many thousands of candidates have yet to be confirmed. 
ompared with the other major exoplanet detection methods – radial 
elocity (Campbell, Walker & Yang 1988 ), direct imaging (Chauvin 
t al. 2004 ), and gravitational microlensing (Beaulieu et al. 2006 ) –
he transit method (Charbonneau et al. 2000 ) has made the biggest
ontribution empowered by the large-scale transit surv e ys including 
epler (Borucki et al. 2010 ), K 2 (Howell et al. 2014 ), TESS (Ricker
t al. 2014 ), and beyond. 

At a high level, planetary transit detection involves the following 
eneral steps. First, the light-curve data are pre-processed and 
etrended to remo v e stellar variability (Smith et al. 2012 ; Stumpe
t al. 2012 ). After that, a variety of algorithms are used to search
or periodic transit signals in the light curve. The Box-fitting Least
quare (BLS) method, introduced by Kov ́acs, Zucker & Mazeh 
 2002 ), has been the predominant method for transit searches in
arge data sets and is widely used in the ground- and space-based
urv e ys. There hav e been various e xtensions and optimizations on
he original BLS method (Cameron et al. 2006 ; Renner et al. 2008 ;
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arter & Agol 2013 ; Boufleur et al. 2014 ; Ofir 2014 ; Hartman &
akos 2016 ; Caceres et al. 2019 ). Panahi & Zucker ( 2021 ) optimized
LS for low-cadence surv e ys such as Gaia Collaboration ( 2016 ),
nd Shahaf et al. ( 2022 ) proposed an efficient periodicity detection
lgorithm by combining two long withstanding techniques – the 
ast-folding algorithm (FFA: Staelin 1969 ) and BLS. Following 
ransit signal detection, a list of threshold crossing events (TCEs)
s generated. Then, a vetting process is conducted to filter out a vast
umber of false positives in the TCEs caused by instrumental noise
r astrophysical variability. Various machine-learning auto-vetting 
ethods have been developed, including Robovetter (Thompson 

t al. 2018 ), Auto v etter (McCauliff et al. 2015 ), and Astronet
Shallue & Vanderburg 2018 ). Astronet employed deep learning 
Convolutional Neural Network, CNN) to vet Kepler candidates, 
nd it was thereafter adapted to more surv e ys such as K 2 (Dattilo
t al. 2019 ), Next-Generation Transit Survey (NGTS) (Chaushev et al.
019 ), Wide Angle Search for Planets (WASP ) (Schanche et al. 2018 ),
nd TESS (Yu et al. 2019 ; Osborn et al. 2020 ; Olmschenk et al. 2021 ;
ao et al. 2021 ; Ofman et al. 2022 ). 
Meanwhile, some researchers have been exploring a different 

pproach which detects exoplanets directly from light curves via 
achine learning without the involvement of the BLS method 

Pearson, Palafox & Griffith 2017 ; Zucker & Giryes 2018 ; Chin-
arungruangchai & Jiang 2019 ; Cui et al. 2021 ; Malik, Moster &
bermeier 2022a ). Among these, some utilize the phase folding 
is is an Open Access article distributed under the terms of the Creative 
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Figure 1. Fast GPFC Processing Pipeline. The GPFC approach initiates by 
ingesting a raw light curve and subjects it to detrending. Following this, the 
light curve is phase folded using a high-precision grid of trial periods. Then, 
the folded results are noise normalized and fed into the CNN, which produces 
a probability score indicative of the likelihood that the light curve contains a 
transit event. 
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echnique whereas others do not. In general, the methods processing
ight curves without phase folding limit their sensitivity to transit
ignals with signal-to-noise ratios (SNR) abo v e 10; for the methods
hat involve phase folding (Pearson et al. 2017 ; Yeh & Jiang 2020 ),
ince the resolution of the trial folding periods limits the accuracy of
nknown transit detection, those efforts mainly focused on simulated
ata rather than applying their neural networks to search for new
andidates. Practically, in order to detect shallow transit signals
enerated by small exoplanets, there must be a high resolution of
rial folding periods, which converts to prohibitive computation time.
his is the critical problem that moti v ates our no v el method, the GPU

Graphics Processing Units) Phase Folding and Convolutional Neural
etwork (GPFC) method. With GPFC, we increase computational

peed to achieve phase folding at high-resolution trial periods. In
PFC, we developed a scalable phase folding algorithm leveraging
PU’s parallelism to process phase folding with high precision,

ogether with a CNN to e v aluate transit signals from the high-
imensional folded results. We demonstrate that the GPFC detection
ystem is capable of searching exoplanets in large volume of Kepler
ata at three orders of magnitude higher speed than traditional BLS,
nd it also reports new exoplanet candidates undetected in previous
esearch work. 

The organization of this paper is as follows: Section 2 delineates
he foundational principles of the GPFC method, detailing each
omponent within its operational pipeline. Section 3 delves into a
etailed description of the simulation tests we employed to compare
he GPFC method and the classic BLS method. In Section 4 , we
emonstrate that the GPFC detection system can reco v er all of
onfirmed USPs in the Kepler Archive – a validation for its potential
or new e xoplanetary disco v eries. Finally, in Section 5 , we present a
iscussion of our method, comparison with various implementations
f the BLS method, and outline prospective directions for future
esearch. 

 M E T H O D S  

.1 Ov er view of the GPFC method 

he architecture of the GPFC method is shown in Fig. 1 . The GPFC
ethod comprises of a workflow of pre-processing, GPU parallelized

hase folding, noise normalization, and CNN transit prediction. To
egin with, the GPFC method takes a raw light curve as input,
btained from the Kepler surv e y in this research, but the method
s generic and can be used with other surv e y data as well. Before
nalysis, the raw light curve undergoes pre-processing, including
etrending and iterative removal of outliers. Next, the light curve is
olded at various trial periods, tightly and evenly divided across a
esignated search range, using the GPU phase folding method. After
NRAS 528, 4053–4067 (2024) 
hase folding, the GPFC method organizes data samples into bins
ased on their phase and calculates the average flux for each bin. In a
ypical 64K data point Kepler light curve, which is evenly distributed
nto 256 bins, each bin encompasses 256 data points. This approach
hows good tolerance to gaps and irregular indi vidual observ ations
n the original Kepler light curv e, giv en that each bin contains a
ufficient number of data samples. The resulting folded and binned
ight curves are normalized to a specific noise level and then passed
hrough a CNN module to e v aluate whether an y e xoplanet transit
xists in any of the trial periods. 

As the focus of our research is to search ultrashort-period (USP)
xoplanet candidates, we choose to search the period range of less
han one day, although the GPFC method can be extrapolated to other
eriod ranges too. 
A significant challenge of the search for USP planets is the

ntensive computation needed for detecting signals with short pe-
iodicity. Since a priori knowledge of the potential transit period is
ot available, a vast number of trial periods need to be e v aluated. As
roposed by VanderPlas ( 2018 ), to ensure that a period scan does not
iss signals in a periodogram, the total number of required sampling

or the periodogram with a total observing time window of T can be
alculated by equation ( 1 ), 

 sample = 

N o T 

L 

, (1) 

here L is the expected width of the signals, and N o is an oversample
actor. This formula can be applied to the Kepler surv e y to determine
he sampling precision necessary for detecting USP signals within a
epler light curve. As Kepler surv e y spans an observing window
f around 4 yr, a typical light curve has total time span T =
 × 365 d. An analysis of the 43 confirmed USPs listed in the
epler KOI (Kepler Objects of Interest) catalogue reveals that their

ransit durations lie between (0.03, 0.09) d, prompting us to adopt
 = 0.03. Adhering to Nyquist’s Theorem, we set N o = 2 to satisfy

he minimum sampling criteria. Consequently, to detect Kepler USP
ransits, N sample = 

2 ×4 ×365 
0 . 03 = 97 , 333 samples are necessary in the

SP period range, which translates to a trial grid precision of as
ne as 0.7 s. Maintaining this high precision is essential, as even
light deviations from the transit period, on the order of seconds, can
bscure the USP transit signal. 
Based on the abo v e calculation, we configure our phase folding

rogram to uniformly sample 100 000 periods within a representative
SP search period defined as p ∈ R [0.2, 1.0] d, resulting in a

rial period granularity of 0.7 s. In tandem, the GPU phase folding
lgorithm categorizes the light curve to 256 bins, producing 100 000
olded light curves, culminating in 100 000 × 256 data points. If a
ight curve’s folding period is the same as the planet’s correct transit
eriod, the light curve will manifest a clear transit, as depicted in
ig. 2 . Otherwise, the phase misplaced transit signals will become

ndistinguishable, buried in their surrounding noise after folding. 
Specifically, the noise attenuation achieved through phase folding

s proportional to 
√ 

N , where N represents the total count of
he subsegments folded. This noise attenuation is evident when
bserving a characteristic Kepler light curve with a 4-yr observation
indo w. Gi ven an example USP search period p ∈ R [0.2, 1.0] d, N

an be calculated as: N = 

4 ×365 
p 

, and 1 √ 

N 
= 

1 √ 

4 ×365 
p 

∈ R [0 . 01 , 0 . 03].

his indicates that the noise within the folded light curve diminishes
o around 1 per cent ∼ 3 per cent of its original magnitude. 

Before the folded results are fed into the CNN, we first scale each
f the 100 000 folded results to a common noise standard deviation
evel, as neural networks are often sensitive to the noise level of the
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Figure 2. Example outputs of the GPFC and BLS methods on a simulated 
light curv e. The light-curv e phase folded at the instrumented transit period is 
shown in the top panel. The score versus trial period is illustrated for both 
GPFC (the middle panel) and BLS (the bottom panel), showing peak scores 
at the correct period. 
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nput data. This normalization specifically entails scaling the folded 
ux values to a standard deviation of 1.0, while maintaining the 
ean of the folded results. This procedure aligns with the standard 

eviation of the synthetic data used in training the neural network. 
his normalization step standardizes the model prediction scores of 

he folded results among different targets so that CNN’s predictions 
re comparable across targets. 

We then feed the normalized folded results into our CNN, which 
iscerns whether each of the 100 000 folded results contains a transit
ignal. When such a transit signal exists, we will observe a peak
n the model score at the detected orbital period (and we may also
ee weaker peaks at the harmonics of the orbital period). Because 
tronger signals result in higher CNN prediction scores, we sort 
he folded light curves based on the height and width of the peak
nd choose the best one, which is equi v alent to the most probable
ransit signal among the 100 000 folded results. Fig. 2 (a) shows flux
alues of a simulated folded light curve that has artificial transits at a
eriod of 0.6852 d. As demonstrated in Fig. 2 (b) is a graph of CNN
core versus trial period for GPFC. Here, GPFC reports scores at
ll trails periods, revealing a peak score at the correct transit period.
or comparison, Fig. 2 (c) illustrates a corresponding graph of power
ersus trial period for BLS. This reference will be explored in greater
etail in Section 3.1. 

.2 Pr e-pr ocessing 

he Kepler light curves used in this research are produced by the
epler Science Processing Pipeline (Jenkins et al. 2010 ), with each

ight curve consisting of integrated flux measurements with a cadence 
f 1766 s ( ∼29.4 min) intervals spanning up to four years, in the range
f 30 000–70 000 epochs. Before they are analysed by the GPFC
ystem, these Kepler light curves are pre-processed in a manner 
imilar to the fitting process illustrated in Vanderburg & Johnson 
 2014 ). First, each light curve is divided into multiple segments
ased on the time and flux gaps observed within the light curve.
s we scan through the light curv e, se gmentation is triggered if the

ime interval between two adjacent data points exceeds a predefined 
ime gap threshold, or if the flux value difference between the two
djacent data points exceeds a predefined flux gap threshold. In this
tudy, we set the time gap threshold at 30 times the Kepler data
ampling interval (0.020428 d), equivalent to approximately 14.7 h. 
his threshold is selected to ef fecti v ely se gment the light curve during

elatively long pauses in Kepler observations. Additionally, we set 
he flux gap threshold at five times the standard deviation of the light
urve’s flux values. This segmentation strategy is intended to enhance 
he accuracy of the piecewise fitting process. For each segment, 
pline fitting was then performed with all known transits masked 
o ensure the preservation of transit signals. Throughout this fitting 
rocess, outliers exceeding 3 σ were iteratively removed, and spline 
moothing parameters were fine-tuned to minimize the Bayesian 
nformation Criterion. Next, after dividing the light curve by the 
est-fitting spline, we clipped 30 data points from each end of the
egment where the spline fits may be skewed. Subsequently, we 
titched these segments together, producing a fully detrended light 
urve. This procedure, illustrated in Fig. 3 , ef fecti vely detrends the
a w light curv e and remo v es low-frequenc y stellar variability. The
re-processed light curves are subsequently fed into the GPU phase 
olding module. 

.3 Fast GPU phase folding 

hase folding increases SNR of a light curve which maintains 
eriodic signals while reducing non-periodic noises. It is a critical 
echnique for searching small transiting planets which generate weak 
nd shallow transit signals in a noisy background. At the same time, it
ramatically reduces the dimensionality of the data making it feasible 
or further inference with a CNN. To find small USP exoplanets
otentially o v erlooked by previous methods, the high precision of the
olds is essential because an offset of a few seconds may obfuscate a
arrow transit signal. On the other hand, ho we ver, folding at a large
umber of trial periods per light curve is computationally untenable 
ith traditional methods. To attain both folding precision on our 

rial period grid and practical computational speed, we present the 
PU phase folding algorithm which utilizes GPU technology to 

cale the heavy folding workload with high parallelism and great 
omputational speed. In this research, we used the Nvidia GeForce 
TX 3090 Ti, a standard commercial GPU card, to implement our
PU phase folding algorithm. 
A typical phase folding process (e.g. Shallue & Vanderburg 2018 )

onsists of three steps: (1) computing modular residuals using the 
MNRAS 528, 4053–4067 (2024) 
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Figure 3. The data pre-processing module: (a) a raw Kepler light curve 
before pre-processing, (b) pre-processing steps conducted: masking of known 
transits, segmenting the light curve to multiple data sections, and cropping 
edges, (c) splitting by flux gap criteria and continuum fitting in each seg- 
mented section, and (d) the final normalized light curve after pre-processing, 
where data points in transit windows are plotted in green. 
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imestamp of each light-curve data point modded by a chosen folding
eriod, (2) sorting the flux data points by their modular residuals,
nd (3) allocating the flux data points equally across a set number
f bins. Ho we ver, this phase folding method does not fully leverage
PU parallelism, as the GPU library does not support the associated

orting in parallel. On the other hand, since flux data points are binned
nd averaged immediately post-sorting, the order of the flux data
oints within each bin is irrele v ant and sorting becomes unnecessary.
NRAS 528, 4053–4067 (2024) 
Based on this analysis, we devised a slightly different phase
olding process that can be fully parallelized by GPU. At its core,
he objective of phase folding is to group and average flux data
oints with similar timestamp modular residuals. Ho we ver, directly
apping of these data points into a pre-determined set of 256

ins is problematic, because certain bins may end up sparsely
opulated or even entirely empty, while other bins could be densely
opulated. Such uneven distributions lead to under-populated bins
enerating noisy average flux values, mainly because these bins
ecome e xcessiv ely susceptible to anomalies or outliers present in
he original flux data points. 

Thus we devised a two-tier mapping approach. Our algorithm
ntroduces an intermediary phase with a significantly higher bin
ount, specifically, 4096 bins. In this phase, the flux data points
re mapped to these 4096 bins by the modular residuals of their
imestamps. Following this, a merging process is initiated to consol-
date these 4096 bins down to the intended 256 bins. The criteria
f this merging is to ensure that each of the 256 bins contains
n identical number of flux data points. As an e xample, giv en a
ight curve comprising 65 536 data points, each of the 256 bins will
ccommodate 65536/256 = 256 data points. Note that in our two-tier
apping approach, it is permissible for some of the initial 4096 bins

o have a lower number of samples or even be empty. This is because
he second-tier mapping ef fecti vely consolidates these intermediate
ins into the final set of 256 bins, and then calculates the average
ux for each. 
In summary, the initial phase of mapping to the 4096 bins acts as

 near-perfect emulation of sorting. Subsequent rebinning to the 256
ins produces homogeneous noise in the binned data to minimize
alse signals. Noise reduction is further achieved by averaging the
ux values within each bin. Note that this rebinning of the 256 bins
ight introduce minor time step differences on certain occasions,

ut it does not lead to any missed signal detection. This was verified
sing two methods: first, through visual inspection of the folded light
urves, we confirmed that the outcomes from the two-tier mapping
losely resemble those from the traditional sorting-based method.
econdly, by testing known USP planets in the Kepler catalogue, we
onfirmed that our two-tier mapping approach successfully detects
ransits at the same periods as identified by the traditional method. 

We compared our method with the traditional sorting-based
hase folding method and confirmed that our approach exhibits
o compromise on accuracy while providing a significantly faster
erformance by leveraging GPU parallelization. 
Thus, as illustrated in Fig. 4 , the resulting GPU-optimized phase

olding process – which is a mathematical near-equi v alent to typical
hase folding – is composed of the following five steps. First, we
alculate the modular residuals of the timestamp of each light-curve
ata point modded by a given folding period. Secondly, we map the
odular residuals to an intermediary 4096 bins. Thirdly, for each of

he 4096 bins, calculate the number of flux data points and the sum
f the flux values in that bin. Fourthly, scan the 4096 bins from left
o right, combine the adjacent bins, and split bins on the boundary as
eeded, to generate a final layout of 256 bins. This step reallocates
he flux data points evenly from the intermediate 4096 to 256 bins,
ith each of the 256 bins containing the same number of flux data
oints. This step needs to be done sequentially but it is fast because
t only needs to convert from 4096 to 256 bins instead of converting
rom 64k light-curve data points to 256 bins. Lastly, we calculate the
verage flux values for each of the 256 bins, dividing the sum of flux
alues by the number of data points for each bin. 

For each Kepler light curve, the GPU phase folding algorithm
pplies this phase folding process at each of the 100 000 trial periods.
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Figure 4. The GPU phase folding module. The GPU phase folding algorithm consists of five steps, each of which is optimized through parallel computing. 
First, (a) the timestamps of the light-curve data points are modded by the trial period. Then, (b) the full time span of the trial period is evenly split into 4096 
equally spaced bins, and the data points are mapped into the bins based on the value of their time residuals from (a). Next, (c) the 4096 bins are rebinned into 
256 bins, such that each of the 256 bins contains an equal number of data points. The flux values of the data points in each bin are averaged in (d) and filled into 
its final form, 100 000 × 256 data points, in (e). The initial mapping to the 4096 bins in (b) serves as a near-perfect emulation of sorting, and the subsequent 
mapping to the 256 bins and averaging in (c) and (d) create homogeneous noises in the binned data to minimize false signals and achieve noise reduction. The 
algorithm takes advantage of the GPU’s blocks and threads structure such that multiple ( p ) trial periods are folded at the same time. ( p was 16 with the GPU we 
used but it can be more with an advanced GPU with additional memory and thread parallelism.) In other words, for each of the steps from (a) to (e), there are p 
of that process e x ecuting at the same time. 
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he algorithm divides the 100 000 trial periods into batches of 16,
rocessing each batch in parallel until all periods are completed. With 
he Nvidia GeForce RTX 3090 Ti card that is used in our research,
e let the GPU kernel e x ecute 16 periods simultaneously, which
ses close to the entire 11 GB GPU device memory on the card. The
nal output of the GPU phase folding algorithm is a data array with
imensions 100 000 × 256, which represents the folded result at each 
f the 100 000 evenly spaced trial periods. The GPU phase folding
lgorithm takes ∼5 s to finish 100 000 folds for a typical Kepler light
urve. 

.4 GPU phase folding performance tuning 

ecause the performance of the GPU algorithm is key to our GPFC
ystem, we exploited various techniques to maximize parallelism and 
ptimize its performance. Although we have briefly touched on some 
f the performance tuning, below is a description of the techniques 
sed. 

(i) Maximization of GPU kernel’s parallelism in the phase folding 
lgorithm. Our fast GPU phase folding algorithm was composed of 
 series of GPU kernel function launches. Nvidia GeForce RTX 

090 Ti GPU card supports a maximum of 65535 × 65535 ×
5535 block-n-threads parallelism. We used the first dimension to 
arallelize across the 100 000 periods, with 16 phase folds conducted 
imultaneously. For each of the functions of which the GPU phase 
olding algorithm consists, we assigned the other two dimensions on 
he ra wlight-curv e data points such that the y are all processed by the
PU kernel simultaneously with its thread pool. 
(ii) Minimization of memory transfer overhead between CPU and 

PU. Although GPU-based e x ecutions are fast, the data transfer
etween CPU and GPU is often an e xpensiv e step. To reduce memory
ransfer o v erhead, we emplo yed a zero-memory-cop y technique, and
atched small memory transfers to maximize memory bandwidth 
tilization. We also minimized the GPU memory read–write time by 
aximizing the amount of parallel memory accesses. These memory 
ptimizations reduced memory transfer time from 10 to 0.25 s in our
lgorithm. 

(iii) Utilization of atomic read-write operations to speed up thread 
erialization. With significant concurrent e x ecution of numerous 
PU kernel threads, it is imperative to implement thread serialization 
hen altering data stored at a shared memory location. To address this

equirement, we leveraged the inherent atomic operation hardware 
upport of the NVIDIA GeForce RTX 3090 Ti card as our chosen
ynchronization tool. Notably, the utilization of atomic operations 
esulted in a 12-fold speed increase in comparison to the conventional 
ocking mechanism. 

Table 1 shows a breakdown of the final runtime of our GPU
hase folding algorithm. As seen in this example, the program spent
ost of the time on memory read/write operations within the GPU

evice (3.66 s), then on calculations within the GPU device (0.66 s),
ollowed by the batch memory transfer from the GPU card to the CPU
ost (0.25 s), then by memory allocation and free operations, mostly
pent on the GPU device (0.18 s). Lastly, initializing the program on
he host CPU took a small time slice of 0.042 s. The total e x ecution
ime amounted to 5.00 s. Note that this measured duration pertains
o the folding and binning of a light curve consisting of 70 000
pochs. The e x ecution time is subject to slight variations depending
n the length of the Kepler light curves, with a marginal reduction in
uration for shorter light curves. Roughly speaking, the maximum 

unning time for processing Kepler light curves is around 5 s. 

.5 Deep neural network 

fter the 100 000 folds of a light curve are noise-normalized, as
escribed in Introduction, they are ready to be fed into the CNN
o discern whether they contain a transit signal at any of the trial
eriods. 
The design of our CNN architecture consists of 19 total layers

s illustrated in Fig. 5 . To start with, the initial 1D input data
ndergoes reshaping into a 2D tensor, preparing it for subsequent 
MNRAS 528, 4053–4067 (2024) 
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Table 1. GPU phase folding performance profiling breakdown. In this 
example, the longest time of the GPU program was spent on memory read 
and write operations within the GPU device (3.66 s). The second longest time 
was spent on calculations in GPU kernel functions (0.66 s), followed by the 
batch memory transfer from the GPU device to the CPU host (0.25 s), then 
by memory allocation and free operations, mostly spent on the GPU device 
(0.18 s). Additionally, initializing the program on the host CPU took a small 
time slice of 0.042 s. The total e x ecution time amounted to 5.00 s. 

GPU phase folding performance profiling 

Runtime breakdown Time (s) 

Memory reads and writes on GPU device 3.66 
Running GPU Kernel functions 0.66 
Memory transfer from GPU to host 0.25 

Total memory allocation/free (host and GPU) 0.18 
Memory allocation on GPU (heap) 0.17 
Memory allocation on host (stack) 0.0097 
Memory free on GPU (heap) 0.00058 

Read input data files on host 0.11 
Write output to disc on host 0.098 

Initialization on host CPU 0.042 

Total time 5.00 

Figure 5. The CNN module. As input, the CNN takes a single noise 
normalized 256-length light -urve fold and the CNN outputs a confidence 
score that the folded input contains a transit signal. 
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D convolutional operations. Taking into account the periodic nature
f the data, we design a model incorporating a circular convolution
ayer , a con volution with edge wrapping sourced by Schubert et al.
 2019 ). The initial circular convolution layer employs 128 filters,
ollowed by another with 256 filters. Subsequently, the 2D tensor
s reverted to its original 1D form, and a global-max-pooling layer
s introduced to retain the most significant v alues. Follo wing this,
he same sequence of operations is repeated, this time utilizing
arger kernel sizes to capture broader spatial patterns within the
NRAS 528, 4053–4067 (2024) 
ata. Afterwards, the data are flattened and passed through fully
onnected layers with the rectified linear unit (ReLU) acti v ation
unction. Dropout layers are incorporated to mitigate o v erfitting
uring the training process. Ultimately, a dense layer with the sigmoid
cti v ation function furnishes the model’s prediction score. The output
f the model is a probability score representing the likelihood that
he inputted data contains a planetary transit signal. We construct
ur model on the top of the open source TensorFlow library (Abadi
t al. 2016 ), and we use the Adam optimization algorithm (Kingma &
a 2015 ) to minimize the cross-entropy error function. We train the
eural network with a learning rate of 10 −6 and a batch size of 32
cross 90 epochs. We train the neural network with a learning rate of
0 −6 and a batch size of 32 across 90 epochs. The final parameters
ere selected based on approaches used in similar applications,

long with experimentation, validation, and testing. For future work,
yperparameter tuning methods such as grid search or random search
an be employed to systematically explore further optimizations. 

.6 Light-cur v e simulation 

he SNR of a planetary transit detection in a given light curve can,
n the simplest case, be approximated by formula ( 2 ) (von Braun &
iardi 2007 ), 

= 

d 

σ

√ 

n 
L 

p 

, (2) 

where d is the transit depth, σ represents the photometric mea-
urement uncertainty in relative flux per data point, assuming it is
he same for all data points. p is the transit period, and L is the transit
uration. n equals the total number of data points in observation,
herefore, equi v alently, n L 

p 
equals the number of data points observed

uring transits. The assumption of this equation is that there exists
nly white noise and no statistically correlated (red) noise. 
To create simulated light curves as realistic as possible, we

tudied the statistics of the parameters of real Kepler light curves
nd used them as guidance for the simulation. Since our objective
s to simulate light curves generated by USP exoplanets, we based
ur simulation on the parameter distributions observed in the 43
onfirmed USPs listed in the KOIs in the Kepler Input Catalog
KIC), as depicted in Fig. 6 . 

Specifically, we measured the following parameters: orbital pe-
iod, transit duration, transit duration o v er orbital period, and the
elative flux 1 σ uncertainty in the detrended light curves. From the
onfirmed USPs, we observe that the parameter distributions are
s follows: orbital period p ∈ R (0.3, 1.0) d, standard deviation of
he noise σ ∈ R (0.0001, 0.0005), transit duration L ∈ R (0.03, 0.09)
, and transit duration o v er orbital period L 

p 
∈ R (0 . 04 , 0 . 12). These

istributions are listed in Table 2 . 
We simulate a transit signal with a trapezoidal model as shown

n Fig. 7 . The trapezoidal parameters are determined based on the
eal USP parameter distributions gathered abo v e. The trapezoid ratio
etween the short base and the long base is a random number r ∈
 

(0, 1.0). The transit duration is measured at the half-depth of the
rapezoid. Given a simulation SNR target value α, the transit signal
epth d can be derived from formula ( 2 ). 

.7 Synthetic data set for neural network training 

s the 43 confirmed USPs in the Kepler surv e y do not constitute a
ufficiently large data set for ef fecti ve CNN training, we created an
 xtensiv e training data set, comprising two million synthetic light
urves divided into one million transit and one million non-transit
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Figure 6. The parameter distributions for the 43 confirmed USPs from the 
KOI catalogue. (a) Period, (b) noise, (c) duration, and (d) duration/period. 
These parameters are used as a guide for our simulation of light curves. 

Table 2. USP parameter distribution gathered from the 43 confirmed USPs 
in the Kepler KOIs. 

USP transit parameter distribution in Kepler 

Orbital period (d) p ∈ R (0.3, 1.0) 
Transit duration (d) L ∈ R (0.03, 0.09) 
Transit duration to period ratio L 

p 
∈ R (0 . 04 , 0 . 12) 

Standard deviation of noise σ ∈ R (0.0001, 0.0005) 

Figure 7. Trapezoidal model. A trapezoidal shape is incorporated into 
Gaussian noise to simulate planetary transit signals within a light curve. 
The input parameters for the trapezoid are determined based on the actual 
USP parameter distributions extracted from Kepler KOIs. P and L denote 
the orbital period and the transit duration, respectively. The transit depth, 
denoted as d , is computed given a specific SNR, while the ratio between the 
trapezoid’s short and long base is randomly chosen r ∈ R (0, 1.0). 

Figure 8. Simulated folded light curves for CNN training. The upper plot 
demonstrates a transit sample generated by injecting a trapezoidal model 
into Gaussian noise with period p = 0.569975, duration L = 0.0593157, and 
SNR α = 9.2. The lower plot demonstrates a non-transit sample generated 
by injecting a low SNR trapezoidal signal to Gaussian noise with period p = 

0.386515, duration L = 0.0528367, and SNR α = 1.6. 
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amples. Each sample set consists of vectors with a length of 256,
imulating folded light curves that the CNN is designed to process. 

In a foundational model, Gaussian noise can be employed to sim-
late non-transit samples, while the injection of a transit signal into
aussian noise yields transit samples. Ho we ver, in practice, Gaussian 
uctuations can occur especially when light-curv e se gments are 
epetitively stacked or folded at a specific period. These fluctuations 
an sometimes resemble transits with low SNRs. Therefore, in 
ddition to pure Gaussian noise, we intentionally introduce non- 
ransit samples by injecting transits with low SNRs. This method 
ptimizes the CNN’s capability to differentiate between significant 
aussian fluctuations and genuine transits. Empirically, we chose a 

ut-off SNR of 5; training data produced with a corresponding SNR
reater than 5 are labelled as positive, while those with an SNR below
 are labelled as ne gativ e. We also confirmed that our CNN trained
ith an SNR cut-off of 5 misclassifies Gaussian noise as positive

ignals in fewer than 0.001 per cent of instances. 
To create transit samples, we inject a trapezoidal model into 

andomly generated Gaussian noise of length 256. And we generate 
ransit samples in the range of SNR α ∈ R [6, 10]. Fig. 8 demonstrates
he generated transit and non-transit samples, respectively. 

Our synthetic data set represents a simplified model of the complex
oises found in actual light curves, which include correlated noise 
rom various sources as well as Gaussian noise. This data set is
onfined to scenarios involving planet transits and non-transits, omit- 
MNRAS 528, 4053–4067 (2024) 
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Figure 9. The training curves (accuracy and loss) for the CNN model on the 
training and validation sets, respectively, across 90 epochs. 
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ing signals characteristic of other common false positive situations.
o we ver, considering that the primary goal of this simulation test

s to assess the timing performance of our method, this simplified
odel is adequate for our purposes. We used the same data set for
LS comparison, ensuring fairness in e v aluating relati ve dif ferences.
evertheless, it is worth noting that the absolute performance

ndicated by this model is likely more optimistic than what would be
bserved with real light-curve scenarios. 
By following this process, we generate a data set comprising

ne million transit and one million non-transit samples, which
re subsequently randomly partitioned into training (80 per cent),
alidation (10 per cent), and testing (10 per cent) sets. Following
he neural network training, our best model achieves an accuracy
f 94.0 per cent. For a detailed view of the training progress, please
efer to Fig. 9 , which presents the complete training curve across the
0 epochs. 

 C O M PA R I S O N  

n this section, we conduct a comparative analysis between the GPFC
nd the BLS methods, using simulated unfolded Kepler light curves
o e v aluate their characteristics and performance metrics. 

To closely replicate real Kepler light curves, all the light curves
e generated have a length of n = 65 536 epochs and a time interval
f 0.0204 d ( ∼29.4 min) between consecutive data points. 
We use Gaussian noise to simulate light curves that do not contain

ransits. Conversely, for simulating planetary transits within the light
urve, we inject a series of trapezoidal shapes into Gaussian noise.
hese trapezoids are parametrized based on the provided values for
rbital period, transit duration, transit epoch, and SNR. 
NRAS 528, 4053–4067 (2024) 
.1 The Box-fitting Least Squares periodogram 

o make a comparison with our GPFC method, we employ the widely
ecognized BLS algorithm developed by Kov ́acs et al. ( 2002 ). BLS
s a periodogram that phase folds a light curve and fits a transit-like
ectangular box, aiming to minimize the fitting squared error. BLS
earches for the transit signals on the frequency space, and provides
 periodogram power value for each trial frequency. To evaluate the
ikelihood of a transit-like signal existing in a particular light curve,
 signal detection efficiency (SDE) score is computed, as illustrated
n the following equation (Kov ́acs et al. 2002 ): 

DE = 

P ( f max ) − 〈 P 〉 
sd 〈 P 〉 , (3) 

here P is the BLS periodogram function, f max is the frequency at
hich the highest power occurs, 〈 P 〉 is the mean of the periodogram
owers, and sd 〈 P 〉 is the standard deviation of the periodogram
owers. 
In short, given all the periodogram powers across the frequency

pace, the SDE value represents the number of standard deviations
bo v e the mean of the maximum power. The BLS method also takes
arameters including the number of bins, the frequency range, and
he range of the fractional duration o v er the period. In our testing, we
et the number of bins used by BLS to 256. The specifications for the
requency range and the range of fractional duration over the period
re derived from the distributions illustrated in Fig. 6 , adopting the
ame criteria as used for the GPFC method. 

.2 Accuracy of GPFC versus BLS 

ext, we analyse the capability of the two methods to detect
xoplanet signals in light curves. We posit that the underlying
echanisms that GPFC employs makes it a more powerful detection

ystem because (1) our model e v aluates light curves with a deep
eural network, which, if trained properly, has the capability for
tronger spatial awareness in recognizing transit-like signals than a
east-squares approach, and (2) our neural network is trained on a
rapezoidal model with white noise, which is a closer representation
f a true transit shape than a box-car function. 
To assess the efficacy of the GPFC approach relative to the BLS
ethod, we e v aluate their capabilities to distinguish between true and

alse signals that we simulated across a range of SNRs. For BLS, this
apability is reflected by the distinction in the SDE scores assigned
o transit versus non-transit light curves; for GPFC, it is represented
y the disparity in maximum model scores between transit and non-
ransit light curv es. F or each method, by selecting various thresholds
o demarcate transit from non-transit predictions, we can construct a
eceiving Operating Characteristic (ROC) curve. The more powerful
 given classifier is, the more its ROC curve will be higher and
oward the left (Fig. 10 ), denoting a larger true positive rate (TPR)
nd lower false positive rate (FPR) across different cut-offs. Thus,
e can use the area under the curve (AUC) of the ROC as an overall

epresentation of how accurately a model distinguishes true and false
ignals. Fig. 11 illustrates that the AUC of GPFC, which is employed
ith 100 000 trial periods, outperforms that of BLS, demonstrating

hat GPFC is a stronger general classifier of transit signals than BLS.
he precision–recall results in Fig. 12 similarly show that GPFC
xhibits higher performance ability in the trade-off between TPR
nd FPR. 

While AUC represents o v erall ability to distinguish across the
PR versus FPR trade-off, in practical research it is often the case

hat either the TPR or the FPR is given prioritized importance as a
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Figure 10. The ROC curves for GPFC and BLS, e v aluated at 100 000 
frequencies, span SNRs of 6, 7, 8, and 10. As the threshold for classifying 
transit and non-transit outputs varies, there is a trade-off between the TPR 

and the FPR, shown by the ROC curve. The GPFC method shows stronger 
ability to distinguish transit and non-transit light curves for SNR below 10. 

Figure 11. The accuracy of GPFC and BLS as the number of trial frequencies 
vary. Here, accuracy refers to the ability to distinguish transit and non-transit 
light curves, as represented by the area under the ROC curve. 

Figure 12. The Precision–Recall curves for GPFC and BLS, e v aluated at 
100 000 frequencies o v er SNRs 6, 7, 8, and 10 are shown. The GPFC method 
achieves higher precision than BLS at the same recall in the curves with SNR 

below 10. 

Figure 13. Performance comparison of GPFC and BLS in two scenarios. 
(a) At the same FPR of 10 per cent, the recall is higher for GFPC than BLS 
for SNR between 5.5 to 10. (b) At the same high recall such as 90 per cent, 
the FPR is lower for GFPC than BLS for SNR between 5.5 to 10. GPFC 

outperforms BLS in terms of both metrics: TPR when FPR is at 10 per cent, 
and FPR at TPR of 90 per cent. 
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esult corresponding to the specific use-case. Therefore, we illustrate 
 second comparison between GPFC and BLS in Fig. 13 , splitting off
hese two types of situations. When the FPR is prioritized (10 per cent
PR), the resulting TPR is shown in the top panel of Fig. 13 , whereas
hen the TPR is prioritized (90 per cent TPR), the resulting FPR

s shown in the bottom panel of Fig. 13 . GPFC shows a distinct
dvantage o v er BLS in both metrics: the TPR at 10 per cent FPR,
nd the FPR at 90 per cent TPR. 

.3 Speed of GPFC versus BLS 

he GPU phase folding algorithm takes ∼5 s per light curve with
ength 65 536, and the CNN takes ∼6 s to e v aluate the 100 000 folded
esults. Thus, to process one light curve with the GPFC method takes
11 s. Note that when using the GPFC method to process a large

umber of light curves, the speed is reduced to 6 s per light curve
ecause the CNN and GPU phase folding algorithm can be run
imultaneously – as the GPU phase folds a light curve, the CNN
an process the previously folded light curves in parallel. With the
 s per light-curve speed, the entire catalogue of the 150 000 Kepler
ain-sequence stars can be searched in just o v er 10 d. On the other

and, as Kov ́acs et al. ( 2002 ) mention, the performance of the BLS
eriodogram varies based on the number of frequencies scanned in its
requency space. The runtime for BLS with the same search accuracy 
n the same light curves would be three orders of magnitude higher.
o speed up the runtime comparison, we further assessed a fast BLS
MNRAS 528, 4053–4067 (2024) 
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Figure 14. The speed of BLS versus the number of trial periods searched 
in the USP period range of [0.2, 1] d. The dotted line shows a roughly 
linear relationship between the runtime of BLS for one light curve as the 
number of trial periods searched varies. The fast CYTHON -accelerated BLS 
implementation provided by ASTROPY is used for runtime comparison, which 
takes 80 s of runtime at 100 000 trial periods. On the other hand, the GPFC 

method processes one light curve in 6 s at 100 000 trial periods, which is 
15 times faster. 

i  

a  

h  

s
 

f  

fl  

n  

p  

t  

o  

a  

l  

c  

a

4
C

4

N  

F  

K  

m  

p  

m
 

A  

w  

2  

T  

c  

9
 

t  

p  

s  

Figure 15. An example of a real Kepler USP (KID 6607644) recovered by 
the GPFC method. The phase fold at the detected transit period of 0.971923 d 
is shown in the upper plot. In tandem, the model score versus trial period plot 
(the lower plot) shows a clear peak at period 0.971923 d with model score of 
0.99999964. This peak period accurately matches the known transit period of 
0.971916 d in the Kepler catalogue (error 7.362 × 10 −6 ). The model scores 
also reveal corresponding peaks at the harmonics of the transit period. For 
instance, at the half-period 0.48596 d, the model reaches a high score of 
0.99121547. 
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mplementation provided by ASTROPY (docs.astropy.org), which is
ccelerated by CYTHON . Fig. 14 shows the ASTROPY implementation
ave a runtime of ∼80 s at frequency of 100 000, which is 15 times
lower than GPFC. 

The performance advantage of GPFC o v er BLS is attributed to a
ew factors built in the design of the GPFC system. To search for a
ux ‘dip’ in a light curve, the BLS algorithm constructs a three-level
ested loop to exploit an e xhaustiv e scan o v er all possible transit start
ositions, transit durations, and all trial frequencies. By using a CNN
o vet light curves, we eliminate the two loops of exhaustive search
 v er transit start positions and transit durations, leveraging CNN’s
dvantage to recognize objects that contain spatial structure. For the
oop o v er trial periods, the GPU-based folding algorithm, the GPU’s
apability for parallelism allows it to phase fold multiple frequencies
t the same time, greatly boosting performance. 

 GPFC  APPLIED  TO  R E A L  KEPLER L I G H T  

U RV E S  

.1 Kepler light-cur v e processing 

ext, we confirm that GPFC works on real Kepler light curves.
or this study, we downloaded the light curves from the Q1–Q17
epler Data Release 25 (DR25), made available by the Kepler
ission through the Mikulski Archive for Space Telescopes. We

rocessed the downloaded light curves with the pre-processing
ethod described in Section 2.2 . 
We also used the set of KOIs available on the NASA Exoplanet

rchive as of 2023 June 3. There are 9564 total dispositioned KOIs
ith Data Validation (DV) light curves available. These include
350 confirmed planets, 2366 candidates, and 4848 false positives.
ransit parameters (period, epoch, and duration) taken from the KIC
atalogue are used for testing and verification. We downloaded all
564 KOIs in the KIC. 
As a start, we chose a subset of the KOIs which contains only

arget stars whose transit events are all labelled as ‘CONFIRMED’
lanetary transits. This filters out all light curves whose target
tar contains a transit event with Kepler disposition of ‘FALSE
NRAS 528, 4053–4067 (2024) 
OSITIVE’ or ‘CANDIDATE’. This process is needed to ensure
hat none of the target stars we include are affected by undesirable
alse positive interference, or contain secondary eclipses of eclipsing
inaries. The metadata for secondary eclipses are not recorded in the
OIs and therefore cannot be fully masked when needed. 
From this KOI subset, we prepared two sets of light curves to

est the GPFC system: one transit and one non-transit data sets. The
ransit data set was composed of light curves of all target stars that
ontain transits of a confirmed USP planet. For each such star, the
ight curve was conditioned by keeping the USP transits intact while
emoving the transits from any other planets. The non-transit data
et consisted of light curves of all target stars with all of their transit
vents masked. 

Through this process, we obtained 43 light curves with verifiable
SP transits for the transit data set, and 1437 light curves devoid of

ny transit events for the non-transit data set. 

.2 Reco v ery of all confirmed Kepler ultrashort-period 

xoplanets 

y applying the GPFC method to the transit data set, it has been
emonstrated that GPFC accurately identifies all of the 43 confirmed
SPs. The method reco v ers these e xoplanets at the periods within
.004 per cent of the recorded value in the KOIs as shown in
igs A1 and A2 in Appendix A. Additionally, all confirmed USPs
re reco v ered with a score of 0.99 or higher, further reinforcing
he validity of the GPFC method. This crucial validation lays the
oundation for using GPFC to unco v er new e xoplanets in the Kepler
atabase, which will be elaborated in our follow-up paper (Wang
t al. 2024, submitted). 

Fig. 15 demonstrates an example USP that the GPFC method
eco v ered with a high probability score. 

In Fig. 16 , the upper plot shows the distribution of the GPFC
odel scores for the 43 confirmed USPs, and the lower plot shows

he score distribution for all of the non-transit light curves. The
core for each light curve is determined by identifying the optimal
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Figure 16. The performance of GPFC on real Kepler light curves. As shown 
in the upper panel, GPFC distinguishes all confirmed USPs with scores abo v e 
0.99. The lower panel represents GPFC’s scores on real Kepler KOI with 
known transits masked. We use the Kepler KOI with only confirmed planets 
to a v oid the secondary eclipses of eclipsing binaries. For the 1437 Kepler KOIs 
with known transits masked, signals that received high scores were further 
e v aluated as potential candidates. We set a cut-off CNN score threshold of 0.8 
for this test, aligning with a 96 per cent TPR as indicated in our simulation 
test. 
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eak among the 100 000 scores that exceed a height of 3 σ and have
 width of more than three data points. We see that most of the
on-transit light curv es receiv ed scores below 0.9. The candidates on
on-transit light curves which the model identified with scores abo v e
.8 identified in non-transit light curves will be further examined in 
ur follow-up investigation. Our simulation results indicated that 
NN scores of 0.76, 0.8, and 0.9 correspond to TPRs of 90 per cent,
6 per cent, and 98 per cent, respectively. Based on these findings,
e selected 0.8 as the threshold for this test. For the validation
f real candidates, we implemented a pipeline comprising a series 
f rigorous verification tests. This validation procedure led to the 
dentification of five promising candidates, which will be elaborately 
iscussed in our upcoming follow-up paper. 
Fig. 17 illustrates the high-probability (probability greater than 

.9) false positives detected by the GPFC method. In our analysis 
f 1437 Kepler light curves, we identified several false positives: 
0 due to sinusoidal signals, e x emplified by KIC 9 642 292 in
lot (a), and 32 resulting from longer-term stellar variation, as 
llustrated by KIC 10 717 220 in plot (b). Additionally, two cases
howed significant noise from unrelated sources, represented by KIC 

 621 125 in plot (c). These 44 false positives were manually vetted
nd subsequently discarded. Looking ahead, we anticipate that such 
alse positives could be automatically filtered out in future work 
hrough impro v ed pre-processing procedures, eliminating the need 
or manual intervention. 
In contrast, plot (d) (KIC 9963524) and plot (e) (KIC 5640085)
resent transit-shaped signals; ho we ver, gi ven the noisy nature of the
ight curves, these detected signals are subjected to further false alarm 

robability (FAP) checks in the verification process. This process, 
hich operates without human intervention, aims to eliminate most 
f the false positives originating from extraneous sources (such as 
 x emplified in plots d and e). The details of this verification process
ill be discussed in our forthcoming disco v ery paper. 

 DI SCUSSI ON  A N D  C O N C L U S I O N  

.1 Real exoplanet disco v ery 

or the purpose of validating the GPFC approach with actual 
epler light curves, we confined our work to target stars e xclusiv ely
ssociated with confirmed planetary transit events. As a subsequent 
tep, we intend to employ GPFC for real exoplanet discovery, 
ncompassing the entire Kepler catalogue. 

The design of the GPFC system is inherently tailored to de-
ect shallow and narrow transit signals, combining high-precision 
hase folding with deep learning techniques. Consequently, it holds 
otential for unco v ering smaller exoplanets. Our preliminary runs 
f GPFC on real Kepler surv e y data indicate its capability to
uickly process vast data sets. Moreo v er, it has e xhibited proficienc y
n identifying exoplanet transit signals with lower SNRs, which 
ight have previously gone unnoticed. Our team plans to continue 
 xploring this av enue and will pro vide updates on our findings in an
ncoming publication (Wang et al. 2024, submitted). 

.2 GPFC versus the fBLS method 

hahaf et al. ( 2022 ) introduced a fast model of BLS, termed
BLS, which incorporates an FFA and a transit detection approach 
ptimized for runtime. This fBLS system reported the disco v ery
f six candidates: KIC 6293500, 9217391, 9835433, 2718885, 
359893, and 11187332. To further validate the accuracy of GPFC, 
e applied GPFC to these six candidates and all of them were

ccurately identified with periods precisely matching those reported 
y fBLS. Both the GPFC and fBLS methods have similar runtimes
f approximately 6 s analyse a typical light curve comprising 65 536
ata points. 
In the folding phase, GPFC is designed to directly process the

riginal Kepler light curves, which are irregularly sampled with 
poradic time gaps. This is achieved by folding based on the original
easurement time modulo the trial period. In contrast, due to the

equirement of uniform sampling by the FFA, the fBLS approach 
eeds to initiate its analysis with a ‘brute-force’ folding procedure 
o address the irregular samples. Concurrently, the fBLS algorithm 

olds the light curve using approximately 250 000 trial periods within
he interval [0.2, 1.0] d. Our simulation tests, as evidenced by the
OC curve, indicated that GPFC, when folded with 250k periods, 
xhibited performance similar to that observed when folding with 
00k periods (AUC values are 0.901 and 0.902, respectively), so we
pted to retain our configuration at 100k trial periods. 
During the transit detection phase, GPFC uses 256 flux bins to

epresent the folded light curve in contrast to the 40–80 bins used
y fBLS. Whereas fBLS and other optimized BLS algorithms iterate 
hrough a pre-selected set of transit start and duration combinations, 
he GPFC method differentiates itself by incorporating a deep 
earning module (CNN), to pinpoint the transit at any location 
nd with any duration. Given that the light curves used to train
he CNN incorporate randomized transit phases and durations, the 
MNRAS 528, 4053–4067 (2024) 
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Figure 17. High-probability (greater than 0.9) false positives identified by the GPFC method. The GPFC method identified various types of high-probability 
false positives. Plot (a) illustrates an example of false positives caused by sinusoidal signals, while plot (b) presents those due to longer term stellar variations. 
These can be ef fecti vely filtered out in an enhanced pre-processing process. Plot (c) exhibits noise from extraneous sources. Conversely, plots (d) and (e) 
display transit-shaped signals; ho we ver, due to the noisy nature of the light curves, the detected transit-like signals require further FAP check in our automated 
verification process. The specifics of this verification will be detailed in our forthcoming discovery paper (Wang et al. 2024, submitted). 
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NN naturally recognizes an e xpansiv e spectrum of transits without
ompromising processing speed. 

.3 GPFC versus a GPU-BLS method 

e noted the presence of a GPU-accelerated BLS software on
itHub, termed cuvarbase BLS . Cuvarbase BLS is configured to

utomatically assign trial frequencies and features a default regular
unning mode. Moreo v er, it pro vides an additional us e f as t mode
esigned for expedited processing, albeit with somewhat reduced
unctionality. We conducted a performance comparison between
PFC and cuvarbase BLS, using a typical Kepler light curve

omprising 70k data points. In our e v aluation, cuv arbase BLS
rocessed the data in 30 s using its default mode and 1.05 s with
he us e f as t mode. In contrast, GPFC accomplished the same task
n 6 s. The speeds of GPFC and GPU-BLS are comparable, while
PFC demonstrates higher accuracy, with AUC 7 per cent higher

han that of GPU-BLS, which is consistent with comparisons to the
raditional BLS method. 

.4 Further performance boosting 

lthough the GPFC method is notably faster than the traditional
LS method, there is still room to optimize its speed without
ompromising accuracy. As indicated in Fig. 11 , the performance
nhancement of GPFC starts to plateau at around 60k trial periods.
n our research, we consistently used GPFC with 100k periods
ecause our speed is not an issue in most cases. Ho we ver, for specific
cenarios, like aiming to search through the entire Kepler catalogue
n less than 10 d, achieving a speed faster than the current 6 s might
e beneficial. In such contexts, by switching to 60k trial periods, the
omputation time could be reduced to approximately 2.5 s. 

Another approach to enhance the speed of the GPU phase folding
s to further parallelize the algorithm. Due to the memory constraints
f our GPU, which has a capacity of only 11 GB, we are limited to
 v aluating a maximum of 16 trial periods. By leveraging a GPU with
 larger memory capacity or one supporting higher parallelism for
NRAS 528, 4053–4067 (2024) 
tomic read–write operations, the runtime of our GPFC system will
e impro v ed ev en further. 

.5 Extending the applications of GPFC 

hile our primary focus in this research has been on USP exoplanets
ithin the Kepler surv e y, the GPFC method is inherently generic.
he GPU phase folding algorithm can function with any set of trial
eriods, Moreo v er, the CNN is amenable to training on any custom-
onfigured data set. Consequently, the GPFC method is readily
daptable for searching transits across a wider range of periods.
ithin the period range of 1–10 d, the application of the GPFC
ethod is expected to be straightforward and similar to current

ractices. For period ranges that exceed 10 d, the grid search space
ignificantly widens, and it would be beneficial to employ additional
trategies to preliminarily identify potential regions of interest. 

For longer periods, we can conduct a Kepler catalogue analysis
imilar to that used for the USP, to examine the distribution of planet
adii and transit durations. This allows us to ascertain the required
 sample for equation ( 1 ). For larger planets characterized by longer

ransit durations, N sample can be smaller, suggesting the viability of a
ess precise search grid. Such an adjustment is anticipated to decrease
he runtime, as depicted in Fig. 14 . Larger planets usually produce
igger transit signals with higher SNRs, whereas longer periods
esult in a reduced number of folds in the light curve, subsequently
owering the noise reduction effect achieved through phase folding.
urther predictions of our method’s performance across these varying
cenarios can be made by a thorough analysis of the Kepler database
n the target period ranges. 

Furthermore, another natural progression would be to enhance
he final CNN model by incorporating additional metadata, as
emonstrated in various CNN models (Malik et al. 2022b ). This
ugmentation is expected to boost performance and potentially
educe the occurrence of false positives. 

Moreo v er, the adaptability of GPFC extends to light curves from
 range of other transit surv e ys, including K 2, TESS , and upcoming
issions like Plato (as detailed in Rauer et al. 2014 , 2022 ) and the

https://johnh2o2.github.io/cuvarbase/bls.html
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arth 2.0 (ET) mission (Ge et al. 2022a , b , c ), and beyond. We expect
hat the pre-processing step of the GPFC method will need to be
ailored for each specific surv e y to suit the unique characteristics of
ts light curves. Apart from this customization, the GPFC method is
roadly applicable across different surv e ys. 

.6 Conclusion 

his paper introduces the GPFC transit signal detection method, 
xamining its ability to detect periodic transits in stellar photometric 
ime-series. GPFC innov ati vely merges a GPU phase folding algo- 
ithm with a CNN, aiming to identify transit signals from small
xoplanets directly from original raw light curves without resorting 
o the traditional BLS transit detection method. 

Using simulated light curves based on Kepler parameter distri- 
utions, we compared the accuracy and performance of the GPFC 

ethod against the BLS method. Our focus is primarily on scenarios 
ith low SNRs and we see that for SNR < 10, GPFC has an advantage

n performance o v er BLS. 
In terms of computational speed, GPFC holds a significant advan- 

age. To match the performance levels set by GPFC, BLS would need
o utilize at least 20 000 frequencies. This requirement makes BLS
xponentially slower – approximately three orders of magnitude –
ompared to GPFC. When operating with 100 000 frequencies and 
sing a fast version of BLS provided by ASTROPY , accelerated by
YTHON , BLS is still roughly 15 times slower than GPFC. 
Lastly, when the GPFC method was applied to known Kepler 

 xoplanets, it successfully reco v ered all confirmed planets within 
he period search range of [0.2, 1.0] d, as co v ered in this paper. It
lso assigned low scores to Kepler light curves where all transits were
asked. During our tests, GPFC consistently identified new, small 

ransit signals in Kepler light curves rapidly, showing its potential 
pplications in large-scale transit surv e ys. 
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PPENDIX  A :  A D D I T I O NA L  F I G U R E S  
NRAS 528, 4053–4067 (2024) 

igure A1. GPFC reco v ery of confirmed USPs. The GPFC method identified all of the 43 confirmed USPs in Kepler with each of them given a CNN score 
bo v e 0.99. All of the detected periods are the exactly same as the period recorded in the KIC catalogue. Each folded light curve exhibits a clear transit signal. 
his blind search test pro v ed the validity of the GPFC method in terms of USP transit detection. 
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Figure A2. (Continued) GPFC reco v ery of confirmed USPs. The GPFC method identified all of the 43 confirmed USPs in Kepler with each of them given a 
CNN score abo v e 0.99. All of the detected periods are the exactly same as the period recorded in the KIC catalogue. Each folded light curv e e xhibits a clear 
transit signal. This blind search test pro v ed the validity of the GPFC method in terms of USP transit detection. 
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