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Abstract

High-frequency gravitational wave (HFGW) detection is a great challenge, as its signal is
significantly weak compared with the relevant background noise in the same frequency bands.
Therefore, besides designing and running the feasible installation for the experimental weak-signal
detection, developing various effective approaches to process the big detected data for extracting
the information about the GWs is also particularly important. In this paper, we focus on the
simulated time-domain detected data of the electromagnetic response of the GWs in
high-frequency band, typically such as Gigahertz. Specifically, we develop an effective deep
learning method to implement the classification of the simulated detection data, which includes
the strong electromagnetic background noise in the same frequency band, for the parameter
estimations of the HFGWs. The simulatively detected data is generated by the transverse first-order
electromagnetic responses of the HFGWs passing through a high stationary magnetic field biased
by a high-frequency Gaussian beam. We propose a convolutional neural network model to
implement the classification of the simulated detection data, whose accuracy can reach more than
90%. With these data being served as the positive sample datasets, the physical parameters of the
simulatively detected HFGWs can be effectively estimated by matching the sample datasets with the
noise-free template library one by one. The confidence levels of these extracted parameters can
reach 95% in the corresponding confidence interval. Through the multiple data experiments, the
effectiveness and reliability of the proposed data processing method are verified. The proposed
method could be generalized to big data processing for the detection of experimental HFGWs in
the future.

1. Introduction

Gravitational waves (GWs) are ripples in time and space, i.e. the gravitational field energy is radiated and
propagated in the form of waves [1]. In 2015, the LIGO-Virgo group first detected the mechanical tidal
effects of the GWs in the low- and middle- frequency bands [2], i.e. from several to hundreds of Hertz [3-9].
Theoretically, GWs have wider frequency bands than electromagnetic (EM) waves [10], e.g. from 10~° Hz to
10" Hz [11,12-18], or even higher. Beyond the LIGO-Virgo observations, the detections of GWs in the low
or the high-frequency bands are also significant, as these detections could not only provide the experimental
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tests for various theoretical models [19, 20] (in or beyond the general relativity) but also be useful to enlarge
the observable window of the GW astronomy [21, 22].

Besides the low- and middle-frequency bands, the gravitational radiations in high-frequency bands, such
as Megahertz (MHz), Gigahertz (GHz), and even the above, have also been predicted by a series of
theoretical models. For example, the Big Bang cosmological theory predicts the existence of relic
gravitational waves, with extensive frequency bands, i.e. from 10! Hz to 10'° Hz [23, 24]. Specific
high-energy astrophysical processes, typically such as the celestial thermal plasma interacting with an
electromagnetic field, also predicted the existence of the GWs in 10!°~12 Hz bands [25-27]. Furthermore,
HFGWs with frequency bands as high as 10*Hz are predicted in specific scientific experiments under
extreme conditions [28, 29]. Additionally, the existence of the HFGW radiations is predicted in various
gravitational theories, typically including the brane oscillations in the extra-dimensions [30], the pre-heating
and the thermal gravitational radiations in the very early Universe [17, 31, 32].

Certainly, the detection of the HFGWs is not easy, as their response signals are significantly weak, while
the background noises are significantly strong [33]. Therefore, besides the installations are expected to be
built for the experimental detections, various effective big data processing approaches are also required to be
developed for the abundant raw data (with strong noise) processings, typically including the matched
filtering algorithms [34] used in LIGO-Virgo observations [2]. Interestingly, big data technologies developed
in recent years, such as deep learning, association rule, and data mining, etc. [35] have been utilized to
implement the high-efficiency analysis of the detected GW data. For example, it was shown that [36], the
speed by using the convolutional neural network (CNN) algorithm to process the detected GW data is 13
times faster than that by using the traditional matching filtering one. Specifically, most of the glitches
presented in different datasets can be effectively identified by using machine learning [37, 38]. In addition,
CNN, combined with a wavelet detection filter trigger generator, has been proposed to implement the
accurate classification of one- and two- dimensional data [39]. With the classification of the detected
gravitational wave data, the astrophysical parameters of GWs can be quickly estimated by using machine
learning [40, 41]. For example, by using the deep neural network method to analyze the experimentally
detected GW signals, the mass and spin size of Kerr black holes can be estimated with higher precision and
faster speed [42—-44].

Given the deep neural network algorithm has been successfully utilized to implement the identification
of the simulatively detected data of the HFGWs in the spatial domain [33], here we further develop an
effective deep learning method to identify the simulatively detected data in the time domain. The
simulatively detected signal is generated by the first-order transverse EM responses in the Li-Baker
detector [45, 46] but can be easily generated in the other potential HFGW detectors. The frequency and
dimensionless amplitude of the simulatively HFGW signal are typically set in the region:
wg = 2 x (10%,10'%) Hz and Ag = 1.0 x (107%°,1077"), respectively. The simulatively detected data are
obtained by adding the stochastically thermal noises to the first-order transverse perturbation photon flow
(PPF) signals generated by the simulatively HFGWs passing through a high stationary field biased with a
Gaussian beam. For the processing of the simulatively detected data, we first develop an effective approach by
using the convolution neural network (CNN) algorithm to identify the subset of the data containing the
HFGW signal and select them as the positive samples. Next, we show that the information (typically
including the amplitude and frequency parameters) of the simulatively detected HFGWs can be estimated by
matching the positive data samples with the templates without any noise.

This paper is organized as follows. In section 2, we briefly review the basic principle of the Li-Baker
detector for the electromagnetic response (EMR) detection of the HFGWs. We also verify specifically that if
the detector is located at the waist position of the applied Gaussian beam, the behaviors of the PPF signals
calculated in the usual TT gauge/frame and those calculated in the proper detector frame (PDF) [47-49] are
almost the same, although their strengths are significantly different. This implies that, by choosing the proper
signal-noise rate (SNR), each of the signals calculated in either the usual frame or PDF can be used to
generate the simulatively detected data. Furthermore, in section 3, we show how to generate the simulatively
detected data in the time domain by superposing the first-order transverse PPF, calculated in the usual TT
frame, with the background white noise. Then, a CNN model is proposed to implement the deep learning
algorithm to generate the subsets with the signals from the noise background. With such a data
identification, in section 4, we discuss how to estimate the typical parameters of the simulatively detected
HFGWs by matching the identified positive sample data with the signal template without any noise. Multiple
data tests verify the reliability of the data processing method presented above. Finally, in section 5, we
summarize our work and discuss its possible development in the future.
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Figure 1. A simplified configuration of the Li-Baker detector for the EMR detection of a HFGW [56]. Here, the HFGW is assumed

to pass through the static magnetic field B}SO) along the z-axis. A Gaussian beam (the blue region) is applied in the same direction
and the generated transverse first-order PPF signal is detected by a single-photon detector located at the waist of the Gaussian
beam.

2. Detection principle and data generation method

It is believed that the HFGWs could be detected by probing their EM responses. Based on the original
Gertsenshtein effect [50-52], the second-order perturbation photon flux (PPF) signal, whose intensity is
proportional to the square of the amplitude of the passing GW [53, 54], can be generated. Certainly, such an
effect is too weak to be realistically detected [55]. However, by using the resonant effect between the applied
Gaussian beam and the generated second-order PPF, the signal can be amplified as the first-order effect [45],
i.e. the intensity of the desired signal is proportional to the amplitude of the HFGW and thus could be
detected by the current weak-signal detection technique. Typically, figure 1 [56] shows how the Li-Baker
detector could be utilized to implement the first-order EMRs of the HFGWs in the GHz band [45, 56],
wherein a Gaussian beam is applied along the z-axis, and a HFGW along the same direction is assumed to
pass through a high stationary magnetic field Bﬁo).

Without loss of the generality, we assume that a modulated Gaussian beam:

1/)(7,2, tawe) = Lexp <_%>
1+ (Z/Zo)z fe
exp <—%> X exp{i[kez—wet (1)

ker*
—tan"'(z/zp) + SR + 6]} )

is applied to the static magnetic field along the z-axis direction [45]. Here, W = Wy+/1 + (2/20)? with W,
being the waist radius of the Gaussian beam, and r = /x> + %, k, =27 /A\,, R=z+ z(z)/z. Also, A, Ke,

We = ko€ = 2T fo, 20 = ™ W3 /), and § are the wavelength, wave vector, center frequency, the Rayleigh length,
and the phase factor of the Gaussian beam, respectively. In this work, we specifically take that [33, 57],

1o = 1260 (the corresponding power of the used laser is about 10 W), § = 1.9, and W, = (0.05,0.1)m. The
high stationary magnetic field is assumed to be distributed in the region: z = [—1, ], with

I} = —1m,l, = +1m [45]. Formally, a modulated function exp —(t — 3/f.)?/f*" is introduced to extend the
detection bandwidth, wherein the modulated parameter is taken as: &« = —1.95 and 8 = 5.0. The spectral
distribution of the modulated Gaussian beam is shown in figure 2, which means that the GW whose
frequency is within the range: w, = 27 x (0.84,1.16) x 10° Hz might be detected.

2.1. First-order transverse PPF signals

Physically, the applied Gaussian beam, which is along the z-direction with the electric field being

E® = ¥ (r,z,t,w,), is also a strong background noise source. Therefore, to avoid such a strong background
noise, we perfectly detect the transverse EMRs (e.g. along the x-direction) of the passing HFGWs (whose
transports are assumed to be along the z-direction), given the z-direction electric field of the applied
Gaussian beam, i.e. E§°) = 0. This implies that if the detectors are set at the x, y directions, whose photon
receiving faces are parallel to the yz places, then the z-direction applied Gaussian beam itself (except its
scattering along the other directions) could not be coupled to the detector. Therefore, the transverse EMRs
(along the x-direction) of the HFGWs are perfectly detected by the detectors located near the waist of the
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Figure 2. The normalized spectrum of the applied modulated Gaussian beam, which indicates that the detectable bandwidth of
the GWs is B = 2 X 0.32 x 10° Hz, centered at 27 x 10° Hz.

applied Gaussian beam, and the detectable signals could be calculated by solving the Einstein—Maxwell
equation for the proposed configuration shown in figure 1.
In the usual TT gauge/frame, the non-zero elements of the metric of the monochromatic gravitational
wave passing through the detection system reads:
Wy = hyy = A@eikg(z_d)’ hyy = hy = iA®eikg(z—Ct)’ )
with Agp.@ =4 and kg, respectively, are the dimensionless amplitude and wave number of the HFGW, and

¢ is the light velocity. By solving the relevant Einstein-Maxwell equation, the first-order perturbation electric
field along the y direction can be obtained as [45]

E}(,l) (z,t,wg) = — %AgB}(,O) kigc(z4 1) exp [i (Kgz — wyt) ]
+ iAngcexp [i (Kgz + wgt)] , (3)

near the waist of the applied Gaussian beam. Above,
EY” (x,2,t,w) = 2x(I/W* — it/ (2R) [ B (x,y, 2, 1,w,)dy and
B§°) (x,1,2,t,w,) = iw, ! (8E§°) (x,y,2,t,w,) /Oy — aE§°> (x,2,t,w,)/0x), are the y-direction electric field and
the z-direction magnetic field of the applied Gaussian beam, respectively.

Strictly speaking, as the applied Gaussian beam is naturally defined in the detector proper frame (PDF),
the detectable signals should be calculated by solving the Einstein—-Maxwell equation in the PDF [47-49],
wherein the non-zero elements of the metric of the passing HFGW alternatively reads

o P _1+efiwgz i
hoo = 2Rgijx'x! (T + —)
8

wz

w?z?

2i( 1—e™i%? i( 14e™Hs?
hij :2Rikj1xkxl< ( r ) + ( )) (4)

. i(1—e—iwg? e—iwez_i/n
]’l()i = ZR()]','kx]xk ( ( PREr ) + ( 22 / )> )

g

with Ry = [hirjk + hjk,it — Bjtik — i ji], i,j,k, 1= 0,1,2,3 is the linearized Riemann tensor. Again, we solve
numerically the Einstein—-Maxwell equation with the above metric for the same detection configuration and
then get the time-domain PPF signals in the PDE

Obviously, if the frequency of the Gaussian beam equals to that of the passing HFGW), i.e. w, = w,, the
density of the first-order transverse PPF along the x direction can be calculated by:

1
Wefl

) (e 200) = o Re B (e 1) B (e, (5)

Here, E)(,l) (We,wy, t) and B (we, t) are the electric fields of the first-order PPF signal and the magnetic field of
the applied Gaussian beam. Correspondingly, the first-order energy flux density of the first-order PPF is
along the x-direction, i.e. the transverse of the z-direction transporting HFGW. Thus, n") refers to the
transverse first-order PPF, which is certainly related to the physical parameters such as the w,, wg, and A, etc.

4
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Figure 3. The time domain distribution of the first-order transverse PPF signals (i.e. the photon number) at x = 0 (near the waist
of the applied Gaussian beam). At this point, the response of the Gaussian beam background applied along the z-direction
vanishes, and the behaviors of the signals calculated in the usual TT gauge/frame (blue line) and the PDF are almost the same
(although their strengths and transporting directions are different). The parameters are the same as those used in figure 2.

Specifically, for a photon detector located at x =0 (i.e. at the waist of the applied Gaussian beam), figure 3
shows the time-domain photon number distributions of the transverse first-order PPF signals by numerically
solving the Einstein—Maxwell equation, either in the usual TT gauge/frame (blue line) or in the PDF (red
line). Obviously, the signal behaviors calculated either in the usual TT gauge/frame or in PDF are almost the
same (although their strengths are different), and the direct response (without any scattering), shown as the
black line in figure 3, of the applied Gaussian beam (served as background noise) is negligible (as it
transports along the z direction and thus its polarization is along the x-direction). Noted that the £-sign in
the vertical axis of the figure 3 refers to the positive- and negative of the x directions, respectively. As the
detector is located at x = 0, the detected number for the positive x-direction photons and that for negative
x-direction are the same, i.e. |n§20| Given the account rate of the current single-photon detector, which can
reach GHz order, the signals are really sufficiently strong to be detected experimentally.

Consequently, at the detection time t = f,, the photon number of the first-order PPF signals detected by
the detector (located at x = 0) can be calculated as can be calculated as [45], i.e.

ts+to
Ny =0 = [ [] 1l r=0.0) dyaadr, (®)
ts As

with #o being the detection duration, As the receiving area of the detector, and #, = kfy, k = [0,1,2,...,100]
are the time series of the detections.

2.2. Data generation method

As mentioned above, the behaviors of the first-order transverse PPFs calculated in either the usual TT
gauge/frame or in the PDF are almost the same, although their strengths are different. Basically, the different
signal strengths refer only to the choice of the signal-noise ratio (SNR) during the detected data processing.
Specifically, let us first assume that the time domain signals |ni1:)0(ts), generated by using a photon detector
with the photon receiving surface 0 < y < 0.15m, 0 < z < 0.1m (thus As = 0.015 m?) [33], has been
detected by the single-photon detector with the duration t, (e.g. to = 0.08/f, here). Next, the noise data
should be generated, as noise is unavoidable in any signal detection. For simplicity, in the present work we
only consider the Gaussian white noises (GWNs). Therefore, the simulatively detected data for the processing
can be generated by superposing the signals, shown in figure 3 with the simulated GWNs [57], with the
controllable SNR [58]:

(7)

Here, N is the data quantity, s;(#;) and n;(#;) are the amplitudes (i.e. photon number) of the first-order PPF
signals and the added GWN:ss, respectively. In practice, signal detection is performed by multiple repeats, and
thus these amplitudes are the accumulation of the many detection events typically such as ~10* ones. In the
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Figure 4. The simulated time-domain detection signals. The blue line is the pure first-order transverse PPF signal, the yellow line
is the GWN, and the red line is the superposition of the pure- and noise signals with SNR = 1. Here, the frequency and
dimensionless amplitude of the HFGW are wy = 27 X 10° Hz and A, = 10731, respectively. The horizontal axis represents the
detector’s detection time, and the vertical axis represents the magnitude of the relevant signals. Noted that, here, the data
amplitude is sufficiently large, as it is accumulation of 10* time-domain detected events. The account rate of the single-photon
detector, located at x =0, is set as 1 GHz.

present work, we assume that the above data amplitudes are generated by the accumulation of 10* detected
events. Each of the time-domain detected data is obtained by using the single-photon detector (located at
x =0) to detect the transverse first-order PPF signal, with the account rate being at GHz order. This is why
the data amplitude in figure 4 is now sufficiently large for processing.

3. The simulated time-domain detected data processing

With the signals (i.e. the redline in figure 3) obtained by solving the Einstein—-Maxwell equation in the PDF,
in this section, we discuss how to extract the time-domain signals by using the single-photon detector (whose
account rate is assumed to be at the GHz order), and then the simulated detected data is generated by
superposing the signal data with the simulated noise data. The amplitude of each detected data is the
accumulation of 10* detected events.

3.1. Data generations
The simulated time domain detection data can be generated as follows: First, we extract 101 dots from the
blue line in figure 4, with t; = [0,%),2 X ty,...,100 X 5] x 10~7s, to geta N = 1 x 101-dimension data as the
pure time-domain first-order PPF signals. Here, the frequency and dimensionless amplitude of the
simulatively-detected GW are set as: wy = 27 x 10° Hz and Ay = 1.0 x 10!, respectively. Then, we add a
GWN to these data with the SNR = [0, 1] and get a simulated 101-dimension time-domain detection data.
In our study, we aim to generate 10000 sets of simulated time-domain detection data. This total is
divided into two subsets. The first subset, encompassing 8000 sets, is generated by randomly incorporating
various high-frequency gravitational wave (HFGW) signals. These signals have amplitudes within the range:
Ay =1.0 x [107°",107*"] and frequencies within the range: w, = 27 x [10%,10'°] Hz, this data is then
combined with GWNss, featuring an SNR of (0, 1], and designated as positive samples. Each data set within
these positive samples is labeled as 1. The remaining 2000 sets form the second subset, composed of GWNs
with varying means and variances. These sets are generated to function as negative samples, with each data
set marked as 0. After normalizing both the positive- and negative samples, we disrupt them to generate the
simulated time-domain detection data of 10000 sets, shown in figure 5(a). As seen in figure 5(b), the
generated time-domain data is split into the training-, validation-, and the test datasets, with the ratio is set
as6:2:2.

3.2. CNN model and data classification

We use a two-class CNN model, whose structure and the relevant parameters are shown in table 1, to
calibrate the positive sample data. Generally, a CNN model mainly contains the convolution-, ReLU-,
maxpooling-, flatten-, linear-, dropout- and softmax layers. Various layers are incorporated within a CNN
model, each serving a unique purpose. Convolutional layers are responsible for feature extraction, employing
filters that discern patterns within the data. Rectified Linear Units or ReLU layers infuse non-linearity into

6
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Figure 5. (a) The datasets of the positive samples and pure noise negative samples were randomly generated by different
amplitude A; and frequency w, and the GWs in time-domain. Here, the vertical axis is the normalized value of the sum of the
simulated time-domain detection data at different detection time t; (b) the training-, validation- and test datasets of the
simulative time-domain detection data.

Table 1. CNN model structure.

Layer (type) Output shape Param
Input (None, 1, 101, 1) 0
convolution (None, 1, 101, 8) 24
ReLU (None, 1, 101, 8) 0
MaxPooling (None, 1, 51, 8) 0
convolution (None, 1, 51, 16) 272
ReLU (None, 1, 51, 16) 0
MaxPooling (None, 1, 26, 16) 0
convolution (None, 1, 26, 32) 1056
Relu (None, 1, 26, 32) 0
MaxPooling (None, 1, 7, 32) 0
Dropout (None, 1, 7, 32) 0
convolution (None, 1, 7, 64) 4160
Relu (None, 1, 7, 64) 0
MaxPooling (None, 1, 2, 64) 0
Dropout (None, 1, 2, 64) 0
Flatten (None, 128) 0
Linear (None, 32) 4128
Relu (None, 32) 0
Softmax (None, 2) 0

the model, preserving positive values and eliminating negative values from the convolution output. The
complexity of the model is reduced by Max pooling layers, which downscale the dimensions of the input
data, retaining only the maximum values from segments of the input. Finally, the output of the trained
model can be used to identify if the input 1 x 101 dimension data is the positive sample one or not.

During the training, we add a L2-regularization proceeding and the dropout layer to prevent overfitting.
Here, L2-regularization is realized by adding a L2 norm, with the weight ) into the loss function, as its
penalty term; the dropout layer is used to temporarily discard certain units from the neural network with
certain probabilities. With the CNN architecture shown in table 1, in what follows, we use Tensorflow [59]
(see, e.g. www.tensorflow.org) to build the CNN model and then implement the train on the
above-mentioned spatial domain training set. By changing the hyperparameters to compare the performance
of the trained models, one can optimize the relevant hyperparameters. In the present work, the optimized
hyperparameter of the L2-regularization can be obtained after the tuning as A = 0.01, which implies that the
probability of temporarily discarding units is optimized to 0.3. Similarly, the training times (i.e. epochs), the
learning rate of Adam optimizer (called Ir), and the BatchSize (i.e. the number of training data bars) can also
be optimized to the desired values; typically, e.g. epochs = 100, Ir = 0.001, and BatchSize = 128. After these
hyperparameter optimizations, highly accurate training can be realized. The CNN architecture can be used
to train a new CNN model with the datasets in the simulated time-domain detection data generated above. It
is shown in figure 6(a) that the accuracies of both the training- and validation sets can reach to 95%, and the
loss is decreased to 0.18. This represents that the CNN training model used has sufficiently high accuracies
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the accuracy is approaching 95%, and the loss is close to 0.2; (b) the ROC curve for the simulated time-domain detection with the
AUC being calculated as 0.986.
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Figure 7. (a) A time-domain detection database for the simulatively detection of the HFGW, whose frequency and amplitude are
assumed as wy = 27 X 10° Hz and 2.0 X 10~3!, respectively. The original positive (negative) sample data (the dimensions of each
data are 1 X 101) are represented by the blue (red) points. (b) The positive sample signals are stochastically selected from the
effective positive sample data, which is obtained from the time-domain detection databases by using the CNN identifications.
Here, the horizontal axis is the mean of the GWNs, and the vertical axis represents the standard deviation of the GWNs.

on both the training- and validating sets. Using such a trained CNN model to the test dataset, we get the
ROC curve shown in figure 6(b) with the AUC being 0.986, which is very close to the optimal value 1.

With the above CNN model, we now develop the data; the frequency and dimensionless amplitude of the
inputting HFGWs are assumed as wg = 27 x 10° Hz and 2.0 x 107!, respectively. The original positive
samples with 3000 data are obtained by the pure first-order PPF signal superposed by the GWNs with SNR =
1. The GWNss also generate the negative samples with 2000 data. Then, the simulated detection databases
(with a total of 5000 samples) can be obtained by mixing the above positive- and negative samples, which are
typically shown in figure 7(a), wherein the dimensions of each data are 1 x 101. Following this, we apply the
previously validated, trained CNN model to analyze a 5000-group sample dataset. From this analysis, we
successfully identify 3517 instances of effective positive samples. In this case, 2000 data are stochastically
selected as the positive sample signals, as shown in figure 7(b). They will be further processed to extract the
information of the simulatively detected HFGWs.

3.3. Comparison with various classification algorithms

Certainly, many algorithms can be used to implement the expected data classification. We now compared the
performance of the CNN model demonstrated above with the other classifiers, typically such as the
K-nearest neighbor (KNN) [60], random forest (RF) [61], support vector machines (SVM) [62], naive Bayes
classification (NB) [63] and logistic regression (LR) [64] algorithms, etc. For the comparison, we use the
same test and training sets generated in section 3.1, and then run the different algorithm for the
classification. The accuracies using different algorithms are listed in figure 8. It is seen that, compared with
the other machine learning algorithms, the accuracy of the used CNN model is higher than that of the other
algorithm by about 10%.

We now discuss the possible improvements by using the trained model, compared with the usual
matched filtering algorithm without the CNN pre-processing. Given that the matched filtering algorithm
requires significantly powerful computing power and relatively long processing times, we simply use the
Pearson correlation coefficient, defined by equation (8), to quantify the correlation between the same two
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Figure 8. Accuracy comparison between the CNN model and the other machine learning algorithm, with the same data set.
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Figure 9. The ROC curve and execution time comparisons between the CNN model and the usual matched filter algorithm, with
the same data set.

vectors. It is shown in figure 9 that, compared with the usual matched filtering algorithm, the execution time
of the CNN is shorted by almost two orders. However, the classification accuracy is almost the same.

4. Extracting the typical parameters of the simulative detected HFGWSs by template
matchings

With the positive sample signals shown in figure 7(b), obtained by the above deep learning on the simulated
time-domain detection data, we now discuss how to extract the physical parameters of the simulatively
detected HFGWs. This can be achieved by using the well-known template matching technique. Basically, the
estimations of certain parameters from big data can be implemented by comparing them with the data in the
relevant template library one by one. Here, we use the time-domain positive sample data obtained by the
above CNN model to match the template library, which is generated by only the pure time-domain
transverse PPF signals. The parameters in the pure transverse PPF signals are used to estimate the ones with
the largest correlation positive sample data.

4.1. Frequency information
Firstly, we discuss how to extract the frequency information of the simulatively detected HFGWSs from the
classified time-domain detection data shown in figure 10(b) by using the frequency matchings. Suppose that
the frequency of the simulatively detected HFGW is in the range of w, = 27 x [0.84,1.16] x 10° Hz and the
dimensionless amplitude is 1.0 x 10°!, we get the template library data by using equation (6) to generate
2000 data (their frequency difference is the same) of the pure first-order transverse PPF signals (without any
noise). Figure 10 shows the established frequency template library, wherein each data set has a defined
frequency label and each point represents template data, whose dimension is also set as 1 x 101.

It is known that, the correlation between two vectors: X = (X, X,,...,X,) and Y= (Y}, Y>,...,Y,), can
be described by the Pearson correlation coefficient [65]:

D » YC T i it (N
VL (- XY, (4 - 1)

Here, X and Y are the mean values of X- and Y vectors, respectively. Obviously, the value range of this
coefficient is: re[—1, 1]; the larger the value of r corresponds, the higher the matching degree, and thus r =1

(8)
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Figure 10. A frequency template library of the first-order transverse PPF signals, wherein the frequency parameters of HFGWs are
set as in the range: wy = 27 X [0.84,1.16] x 10° Hz (see more clearly in figure (b) with the short frequency distance). The vertical
axis is the dimensionless amplitude of the HFGWs in the frequency template library. Here, the frequency template library includes
2000 data, and the nearest frequency distance between two frequency points is set as 2.0 X 10°> Hz.
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Figure 11. The statistical distribution of the estimated frequencies, obtained by matching the positive sample data (generated by
the simulation detection of the HFGW with the frequency wy = 27 x 10° Hz) with the frequency template library (generated by
the noise-free simulative detections of the HFGWs, whose frequencies are set as in the range: 2t X (0.84,1.16) x 10° Hz. The red
line is the fitted Gaussian distribution curve.

means the perfect matching. On the contrary, r < 0 represents the mismatch of the two vectors, and r = —1
means that the two vectors are negatively correlated (i.e. their parameters are completely independent).

By matching each data in the positive sample database with the data in the frequency template library
shown in figure 10 (with also N; = 2000 data) one by one, the frequencies corresponding to the largest
Pearson correlation coefficients are output as the estimated frequencies of the simulatively detected HFGWs.
It is seen from figure 11 that the estimated frequencies reveal a statistical distribution, which can be fitted as a
Gaussian curve (i.e. the red line in figure 11). The vertical axis in figure 11 represents the number of positive
sample data.

The accuracy of the above frequency parameter estimations is described below. According to the central
limit theorem [66], the errors deviate stochastically from their average value. Therefore, the confidence level
of the estimation is defined as the probability that the estimated value of the parameter falls in the
corresponding area [67]. The confidence interval [67] refers to the error range between the sample statistical
value and the overall parameter value at a certain confidence level. Of course, a larger confidence interval
means a higher confidence level. From the statistical distribution shown in figure 11, we argue that the mean
value of the estimated frequency is Wy = 27 X 1.0 X 10° Hz, which is the same as the input frequency:
wg = 27 X 1.0 x 10° Hz of the simulatively detected HFGW. The standard deviation is calculated as:
dwg = 27 X 3.046 X 10 Hz. With the present 2000 sample amounts, the confidence interval in: (&, — zdw,,
o+ 20wg) = 2 x (0.9958,1.0042) x 10° Hz, with the variance multiple z = 1.96 [67] (describing the degree
of deviation from the variance) at 95% confidence level can be obtained.

4.2. Dimensionless amplitude information

Continuously, we discuss how to extract the dimensionless amplitude of the simulatively detected HFGWs
from the positive samples shown in figure 7(b). Similarly, we first generate the amplitude template library of
the HFGWs wanted to be detected. It is seen from equation (7) that the amplitude of the input GW is linearly
related to the amplitude of the first-order PPF signal without noise. Given that the frequency information of
the simulatively detected HFGWSs had been extracted by the above frequency matchings, the amplitude
template library can be generated simply as follows. Inputting a series of HFGWs with different
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Figure 12. The dimensionless amplitude template library of the simulatively detected HFGW with the frequency

wa = @y = 2m X 1.0 X 10° Hz. Here, the horizontal axis is the possible amplitude in the range: A, = [107°2,10728], each of them
generated a template data in the amplitude template library. The vertical axis represents the frequency of the HFGWs in the
amplitude template library. Figure (b) is the enlarged version of the figure (a) for the shorter amplitude distance. The
dimensionless amplitude template library includes 10 000 data, and the nearest amplitude distance between two points is set as
1.0 x 10732,

dimensionless amplitudes but the same frequency w, = y, (i.e. the mean value of the estimated frequency by
the above frequency matchings), a series of the noise-free first-order transverse PPF signals generated
simulatively are served as the amplitude templates library. Here, the amplitudes of the input HFGWs are
selected as in the range: A, = [1077%,10~ 2] with the step being 64, = 10~ 2. Figure 12 shows specifically the
template data of the simulatively detected HFGW (with the estimated frequency: w, = &), whose
dimensionless amplitudes are assumed to be in the range: [107%2,10728]. In the figure, each point represents
a template data with the dimensions being 1 x 101.

Different from the Pearson correlation coefficients used above for the frequency matching, the amplitude
information can be extracted simply by calculating the amplitude data correlation between the positive
sample data and the template data. This is measured by the Euclidean distance [68]:

)

between the vector X = (X1, X3, ...,X,) in the positive sample and the vector Y = (¥1,Y>,...,Y,) in the
template. Certainly, the smaller the Euclidean distance corresponds, the greater the magnitude correlation.
To this end, we match each data in the positive sample database with the amplitude template library one by
one. Alternatively, a set of template data with the smallest Euclidean distances is treated as the possible
amplitude values of the simulatively detected HFGWs. The matched results are also shown as a statistical
distribution, shown schematically in figure 13. Here, the horizontal axis represents the output matching
amplitudes, and the value on the vertical axis is the number of the positive sample data whose amplitudes fall
in the amplitude range of the corresponding histograms. Again, the estimated amplitudes can also be fitted
as a Gaussian curve, shown as the red line in figure 13. It shows that the mean value of the estimated
amplitudes is: A, = 2.733 x 107!, which is very close to the input value: A, = 2.0 x 107!, with the standard
deviation being 6A; = 1.572 x 10~ *%. The confidence level of such an estimation is at 95% in the confidence
interval: (2.4474,3.4546) x 10731,

4.3. Multi-data testings
The reliability of the data processing method presented above could be tested by using multiple datasets for
the different simulative detections.

In fact, much detection data can be simulatively generated for the different parameters of the HFGWs, as
well as the background noises. For example, for the simulative detecting of the HFGWs, whose frequencies
are in the range w, = 27 x [10%,10'?] Hz and the dimensionless amplitudes are in the range
Ay = 1.0 x [107%3,107 %], we can specifically generate the simulative test dataset shown in figure 14(a). The
ROC curve of the trained CNN model to identify the positive samples with the test dataset is shown in
figure 14(b), with the AUC being 0.978. One can see again that the trained CNN model possesses a
sufficiently high resolution to identify whether the test dataset contains the HFGW signals accurately. Thus,
the parameter estimation for the simulatively detected HFGWs is significatively accurate.

Certainly, for the input of any HFGW signal, the corresponding positive samples (containing the
HFGW-induced first-order PPF signals) with 2000 or more groups of data can be obtained. By matching
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Figure 13. The dimensionless amplitude distribution obtained by the matchings between the positive signal with the amplitude
template library. The red line is the fitted Gaussian distribution curve.
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Figure 14. (a) The test set with the positive samples for the frequency band: wy = 27 x [10%,10'?] Hz, and that of the amplitudes:
Ay =[107%,1072]; (b) the test AUC curve of the CNN model on the test set with the ROC being 0.978.

Table 2. Multi-data testings to extract the parameters of the simulatively detected HFGWs.

Frequency estimations Amplitude estimations
The confidence interval at The confidence interval at

wg( Hz) 95% confidence level Ag 95% confidence level

27 % 3.0 x 10° 21 % (2.988,3.012) x 10° 2.0x 107! (2.468,2.958) x 107!
21 % 5.0 x 10° 2 x (4.980,5.021) x 10° 5.0x 107 (6.234,7.381) x 107!
27 x 7.0 x 10° 21 % (6.974,7.026) x 10° 7.0x 107! (8.726,10.338)) x 107"
27 % 3.0 x 10° 27 % (2.989,3.011) x 10° 2.0x 107 (2.489,2.973) x 107°
27 x 5.0 x 10° 21 x (4.953,5.051) x 10° 5.0 x 107 (6.237,7.383) x 107%°
27 % 7.0 x 10° 21 % (6.972,7.078) x 10° 7.0x 107 (1.05,1.25) x 1072

them with the data in the corresponding frequency- and amplitude template libraries, the confidence interval
of amplitude and frequency in the HFGW signals can be effectively estimated. In table 2, we also list a series
of estimated results at 95% confidence level. This indicates that the proposed data processing method, based
on deep learning, is feasible for the practice EMR detections of the HFGWs.

5. Discussions and conclusions

Based on the development of the Li-Baker detector, we developed a deep learning method to process the raw
detection data for the simulative EMR detections of HEFGWs. The detected data is generated by calculating
the first-order transverse EMRs of the simulatively detected HFGWs in the strong GWN background.
Specifically, a robust CNN model has been proposed to identify the generated detected data, at significantly
high accuracy, from the simulated raw detection data. Consequently, the typical parameters, such as the
frequency and dimensionless amplitude, of the simulatively detected HFGW can be effectively estimated by
matching the obtained positive samples with the relevant template libraries. The confidence level of the
parameter estimations can reach 95% in the corresponding confidence interval.

12



10P Publishing

New J. Phys. 26 (2024) 053015 B Shi et al

In principle, the accuracies of the CNN model and the estimated parameters can be further improved by
using stronger computing resources to generate bigger detection data and the matched template library.
Although the noises simulatively treated here are limited to the most typical GWNs, the proposed method
could be developed to process the other noises. Indeed, the noise of the realistic detectors is very
complicated. Also, in the present work, we only consider the simulative detections of the typical HFGWs
with a given frequency and amplitude. However, most of the HFGWs are stochastic ones without the defined
waveforms. Therefore, it is necessary to develop possible new data processing methods by deep learning to
process the EMR detection data for stochastic HFGW detection. Novel techniques for relevant big data
processing might be developed using Bayesian statistics. Also, the physical parameters of the stochastic
HFGWs could be estimated by using the cross-correlation between the data obtained by the multiple
detectors. Finally, we have only discussed the simulative detection by using the x-direction detectors located
at x = 0, near the waist of the applied Gaussian beam. At this point, the behaviors of the transverse first-order
PPF signals are relatively simple and the zero-order responses of the applied Gaussian beam (i.e. the strongest
background noise) can be safely neglected. For the more general configurations, solving the
Einstein—-Maxwell equation in the PDF to get the detectable first-order transverse PPF signals is relatively
complicated. As a consequence, the more effective method to process the data detected by the other detected
configurations with the more complicated noise behaviors still needs to be solved.

Data availability statement

All data that support the findings of this study are included within the article (and any supplementary files).

Acknowledgments

This work was supported in part by the National Natural Science Foundation of China, Nos. 11974290,
11873001 and 12347101.

ORCID iDs

J Li ® https://orcid.org/0000-0001-8538-3714
Q Q Jiang ® https://orcid.org/0000-0002-0042-9208

References

[1] Poisson E 2008 Class. Quantum Grav. 25 209002

[2] Bird S, Cholis I, Munoz J B, Ali-Haimoud Y, Kamionkowski M, Kovetz E D, Raccanelli A and Riess A G 2016 Phys. Rev. Lett.
116 201301

[3] Abbott B P et al (LIGO Scientific Collaboration and Virgo Collaboration) 2016 Phys. Rev. Lett. 116 061102

[4] Abbott B P et al (LIGO Scientific Collaboration and Virgo Collaboration) 2016 Phys. Rev. X 6 041015

[5] Abbott B P et al (LIGO Scientific Collaboration and Virgo Collaboration) 2016 Phys. Rev. Lett. 116 241103

[6] Abbott B P et al (LIGO Scientific and Virgo Collaboration) 2017 Phys. Rev. Lett. 118 221101

[7] Abbott B P et al 2017 Astrophys. J. 839 12

[8] Abbott B P et al (LIGO Scientific Collaboration and Virgo Collaboration) 2017 Phys. Rev. Lett. 119 141101

[9] Abbott B P et al (LIGO Scientific Collaboration and Virgo Collaboration) 2017 Phys. Rev. Lett. 119 161101

[10] Hawking S and Israel W 2010 General Relativity: An Einstein Centenary Survey (Cambridge University Press)

[11] Hobbs G 2008 Class. Quantum Grav. 25 114032

[12] LiD and Pan Z 2016 Radio Sci. 51 1060

[13] Shannon R M et al 2015 Science 349 1522

[14] Lentati L et al 2015 Mon. Not. R. Astron. Soc. 453 2576

[15] Arzoumanian Z et al 2016 Astrophys. J. 821 13

[16] Amaro-Seoane P et al 2012 Class. Quantum Grav. 29 124016

[17] LiuJ, Guo Z-K, Cai R-G and Shiu G 2018 Phys. Rev. Lett. 120 031301

[18] Easther R, Giblin J T and Lim E A 2007 Phys. Rev. Lett. 99 221301

[19] Stevenson S Vigna-Gémez A, Mandel I, Barrett ] W, Neijssel C J, Perkins D and de Mink S E 2017 Nat. Commun. 8 14906

[20] Bartos I et al 2017 Nat. Commun. 8 831

[21] CaiR-G, Liu T-B, Liu X-W, Wang S-J and Yang T 2018 Phys. Rev. D 97 103005

[22] Meng H Cao H, Wang W, Chen L and Fan Y 2017 Sci. China. Phys. Mech. Astron. 60 10351

[23] L. S. Collaboration, V. Collaboration 2009 Sicence 460 9904

[24] Tong M L and Zhang Y 2009 Phys. Rev. D 80 084022

[25] Servin M and Brodin G 2003 Phys. Rev. D 68 044017

[26] Bisnovatyi-Kogan G S and Rudenko V N 2004 Class. Quantum Grav. 21 3347

[27] Ejlli A Ejlli D, Cruise A M, Pisano G and Grote H 2019 Eur. Phys. J. C79 1032

[28] Kadlecové H, Klimo O, Weber S and Korn G 2017 Eur. Phys. J. D 71 89

[29] Wu X-G and Fang Z-Y 2008 Phys. Rev. D 78 094002

[30] Giovannini M 1999 Phys. Rev. D 60 123511

[31] Seahra S 'S, Clarkson C and Maartens R 2005 Phys. Rev. Lett. 94 121302

13


https://orcid.org/0000-0001-8538-3714
https://orcid.org/0000-0001-8538-3714
https://orcid.org/0000-0002-0042-9208
https://orcid.org/0000-0002-0042-9208
https://doi.org/10.1088/0264-9381/25/20/209002
https://doi.org/10.1088/0264-9381/25/20/209002
https://doi.org/10.1103/PhysRevLett.116.201301
https://doi.org/10.1103/PhysRevLett.116.201301
https://doi.org/10.1103/PhysRevLett.116.061102
https://doi.org/10.1103/PhysRevLett.116.061102
https://doi.org/10.1103/PhysRevX.6.041015
https://doi.org/10.1103/PhysRevX.6.041015
https://doi.org/10.1103/PhysRevLett.116.241103
https://doi.org/10.1103/PhysRevLett.116.241103
https://doi.org/10.1103/PhysRevLett.118.221101
https://doi.org/10.1103/PhysRevLett.118.221101
https://doi.org/10.3847/1538-4357/aa677f
https://doi.org/10.3847/1538-4357/aa677f
https://doi.org/10.1103/PhysRevLett.119.141101
https://doi.org/10.1103/PhysRevLett.119.141101
https://doi.org/10.1103/PhysRevLett.119.161101
https://doi.org/10.1103/PhysRevLett.119.161101
https://doi.org/10.1088/0264-9381/25/11/114032
https://doi.org/10.1088/0264-9381/25/11/114032
https://doi.org/10.1002/2015RS005877
https://doi.org/10.1002/2015RS005877
https://doi.org/10.1126/science.aab1910
https://doi.org/10.1126/science.aab1910
https://doi.org/10.1093/mnras/stv1538
https://doi.org/10.1093/mnras/stv1538
https://doi.org/10.3847/0004-637X/821/1/13
https://doi.org/10.3847/0004-637X/821/1/13
https://doi.org/10.1088/0264-9381/29/12/124016
https://doi.org/10.1088/0264-9381/29/12/124016
https://doi.org/10.1103/PhysRevLett.120.031301
https://doi.org/10.1103/PhysRevLett.120.031301
https://doi.org/10.1103/PhysRevLett.99.221301
https://doi.org/10.1103/PhysRevLett.99.221301
https://doi.org/10.1038/ncomms14906
https://doi.org/10.1038/ncomms14906
https://doi.org/10.1038/s41467-017-00851-7
https://doi.org/10.1038/s41467-017-00851-7
https://doi.org/10.1103/PhysRevD.97.103005
https://doi.org/10.1103/PhysRevD.97.103005
https://doi.org/10.1007/s11433-016-0301-4
https://doi.org/10.1007/s11433-016-0301-4
https://doi.org/10.1038/nature08278
https://doi.org/10.1038/nature08278
https://doi.org/10.1103/PhysRevD.80.084022
https://doi.org/10.1103/PhysRevD.80.084022
https://doi.org/10.1103/PhysRevD.68.044017
https://doi.org/10.1103/PhysRevD.68.044017
https://doi.org/10.1088/0264-9381/21/14/001
https://doi.org/10.1088/0264-9381/21/14/001
https://doi.org/10.1140/epjc/s10052-019-7542-5
https://doi.org/10.1140/epjc/s10052-019-7542-5
https://doi.org/10.1140/epjd/e2017-70586-y
https://doi.org/10.1140/epjd/e2017-70586-y
https://doi.org/10.1103/PhysRevD.78.094002
https://doi.org/10.1103/PhysRevD.78.094002
https://doi.org/10.1103/PhysRevD.60.123511
https://doi.org/10.1103/PhysRevD.60.123511
https://doi.org/10.1103/PhysRevLett.94.121302
https://doi.org/10.1103/PhysRevLett.94.121302

10P Publishing New J. Phys. 26 (2024) 053015 B Shi et al

32] Clarkson C and Seahra S S 2007 Class. Quantum Grav. 24 F33

33] Wang L-L, LiJ, Yang N and Li X 2019 New J. Phys 21 043005

34] Abbott B et al (LIGO Scientific Collaboration) 2004 Phys. Rev. D 69 122001

35] Guo Y Liu Y, Oerlemans A, Lao S, Wu S and Lew M S 2016 Neurocomputing 187 27

36] George D and Huerta E A 2018 Phys. Rev. D 97 044039

37] Biswas R et al 2013 Phys. Rev. D 88 062003

38] Powell J, Torres-Forné A, Lynch R, Trifiro D, Cuoco E, Cavaglia M, Heng I S and Font J A 2017 Class. Quantum Grav. 34 034002

39] Iess A, Cuoco E, Morawski F and Powell ] 2020 Mach. Learn.: Sci. Technol. 1 025014

40] Cuoco E et al 2020 Mach. Learn.: Sci. Technol. 2 011002

41] Green S R, Simpson C and Gair ] 2020 Phys. Rev. D 102 104057

42] Haegel L and Husa S 2020 Class. Quantum Grav. 37 135005

43] Gabbard H Messenger C, Heng I S, Tonolini F and Murray-Smith R 2022 Nat. Phys. 18 112

44] LiFY, Wen H, Fang Z-Y, Li Di and Zhang T-] 2020 Eur. Phys. ]. C 80 879

45] Li F-Y, Tang M-X and Shi D-P 2003 Phys. Rev. D 67 104008

46] Zheng H, Wei L F, Wen H and Li F Y 2018 Phys. Rev. D 98 064028

47] Manasse F K and Misner C W 1963 J. Math. Phys. 4 735

48] Marzlin K P 1994 Phys. Rev. D 50 888

49] Berlin A, Blas D, Tito DAgnolo R, Ellis S A R, Harnik R, Kahn Y and Schutte-Engel ] 2022 Phys. Rev. D 105 116011

50] Gertsenshtein M E 1962 Sov. Phys. JETP Lett. 14 84

51] Zel'dovich Y B 1973 Zh. Eksp. Teor. Fiz. 65 1311

52] Ito A, Tkeda T, Miuchi K and Soda J 2020 Eur. Phys. J. C 80 179

53] Cruise A M 2000 Class. Quantum Grav. 17 2525

54] Cruise A M and Ingley R M ] 2005 Class. Quantum Grav. 22 S479

55] Ballantini R , Bernard P, Chiaveri E, Chincarini A, Gemme G, Losito R, Parodi R and Picasso E 2003 Class. Quantum Grav. 20 3505

56] Li F, Baker R M L, Fang Z, Stephenson G V and Chen Z 2008 Eur. Phys. J. C 56 407

57] Zhang L 2016 Analysis of the resonance of Gaussian electromagnetic response to the high frequency gravitational waves
Dissertation for the master’s degree (Chongqing University) 24-38

[58] Johnson D H 2006 Scholarpedia 1 2088

[59] Abadi M et al 2015 Tensorflow: Large-Scale Machine Learning on Heterogeneous Systems (Mountain View, CA: Tensorflow)

[60] Berbel M, Miravet-Tenés M, Sharma Chaudhary S, Albanesi S, Cavaglia M, Magana Zertuche L, Tseneklidou D, Zheng Y,
Coughlin M W and Toivonen A 2023 Class. Quantum Grav. 41 085012

61] Kapadia S J, Dent T and Dal Canton T 2017 Phys. Rev. D 96 104015

62] Hartley P, Flamary R, Jackson N, Tagore A and Metcalf R 2017 Mon. Not. R. Astron. Soc. 471 3378-97

63] Morales M D, Antelis ] M, Moreno C and Nesterov A I 2021 Sensors 21 3174

64] Li X-R, Yu W-L, Fan X-L and Babu G J 2020 Front. Phys. 15 1-11

65] Ahlgren P, Jarneving B and Rousseau R 2003 J. Am. Soc. Inf. Sci. Technol. 54 550

66] Rosenblatt M 1956 Proc. Natl Acad. Sci. USA 42 43

67] Hazra A 2017 J. Thorac Dis. 9 4125

68] Malkauthekar M 2013 Third Int. Conf. on Computational Intelligence and Information Technology (CIIT 2013) IET pp 503-7

14


https://doi.org/10.1088/0264-9381/24/9/F01
https://doi.org/10.1088/0264-9381/24/9/F01
https://doi.org/10.1088/1367-2630/ab1310
https://doi.org/10.1088/1367-2630/ab1310
https://doi.org/10.1103/PhysRevD.69.122001
https://doi.org/10.1103/PhysRevD.69.122001
https://doi.org/10.1016/j.neucom.2015.09.116
https://doi.org/10.1016/j.neucom.2015.09.116
https://doi.org/10.1103/PhysRevD.97.044039
https://doi.org/10.1103/PhysRevD.97.044039
https://doi.org/10.1103/PhysRevD.88.062003
https://doi.org/10.1103/PhysRevD.88.062003
https://doi.org/10.1088/1361-6382/34/3/034002
https://doi.org/10.1088/1361-6382/34/3/034002
https://doi.org/10.1088/2632-2153/ab7d31
https://doi.org/10.1088/2632-2153/ab7d31
https://doi.org/10.1088/2632-2153/abb93a
https://doi.org/10.1088/2632-2153/abb93a
https://doi.org/10.1103/PhysRevD.102.104057
https://doi.org/10.1103/PhysRevD.102.104057
https://doi.org/10.1088/1361-6382/ab905c
https://doi.org/10.1088/1361-6382/ab905c
https://doi.org/10.1038/s41567-021-01425-7
https://doi.org/10.1038/s41567-021-01425-7
https://doi.org/10.1140/epjc/s10052-020-08429-2
https://doi.org/10.1140/epjc/s10052-020-08429-2
https://doi.org/10.1103/PhysRevD.67.104008
https://doi.org/10.1103/PhysRevD.67.104008
https://doi.org/10.1103/PhysRevD.98.064028
https://doi.org/10.1103/PhysRevD.98.064028
https://doi.org/10.1063/1.1724316
https://doi.org/10.1063/1.1724316
https://doi.org/10.1103/PhysRevD.50.888
https://doi.org/10.1103/PhysRevD.50.888
https://doi.org/10.1103/PhysRevD.105.116011
https://doi.org/10.1103/PhysRevD.105.116011
https://doi.org/10.1140/epjc/s10052-020-7735-y
https://doi.org/10.1140/epjc/s10052-020-7735-y
https://doi.org/10.1088/0264-9381/17/13/305
https://doi.org/10.1088/0264-9381/17/13/305
https://doi.org/10.1088/0264-9381/22/10/046
https://doi.org/10.1088/0264-9381/22/10/046
https://doi.org/10.1088/0264-9381/20/15/316
https://doi.org/10.1088/0264-9381/20/15/316
https://doi.org/10.1140/epjc/s10052-008-0656-9
https://doi.org/10.1140/epjc/s10052-008-0656-9
https://doi.org/10.4249/scholarpedia.2088
https://doi.org/10.4249/scholarpedia.2088
https://doi.org/10.1088/1361-6382/ad3279
https://doi.org/10.1088/1361-6382/ad3279
https://doi.org/10.1103/PhysRevD.96.104015
https://doi.org/10.1103/PhysRevD.96.104015
https://doi.org/10.1093/mnras/stx1733
https://doi.org/10.1093/mnras/stx1733
https://doi.org/10.3390/s21093174
https://doi.org/10.3390/s21093174
https://doi.org/10.1007/s11467-020-0966-4
https://doi.org/10.1007/s11467-020-0966-4
https://doi.org/10.1002/asi.10242
https://doi.org/10.1002/asi.10242
https://doi.org/10.1073/pnas.42.1.43
https://doi.org/10.1073/pnas.42.1.43
https://doi.org/10.21037/jtd.2017.09.14
https://doi.org/10.21037/jtd.2017.09.14

	Data classification and parameter estimations with deep learning to the simulated time-domain high-frequency gravitational waves detections
	1. Introduction
	2. Detection principle and data generation method
	2.1. First-order transverse PPF signals
	2.2. Data generation method

	3. The simulated time-domain detected data processing
	3.1. Data generations
	3.2. CNN model and data classification
	3.3. Comparison with various classification algorithms

	4. Extracting the typical parameters of the simulative detected HFGWs by template matchings
	4.1. Frequency information
	4.2. Dimensionless amplitude information
	4.3. Multi-data testings

	5. Discussions and conclusions
	References


