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Abstract

Semi-detached binary stars are of significant importance for studying the for-
mation and evolution of interacting binary systems. With the arrival of the era
of large-scale time-domain surveys, a substantial number of such objects are
expected to be discovered. To address the massive time-domain observational
datasets, a rapid modeling tool is required for automated light curve analysis of
semi-detached binary stars. We construct a rapid photometric orbital solution
model for semi-detached binary stars based on neural networks. This model
models the orbit of semi-detached binary stars based on the light curve and
known primary star temperature, obtaining four fundamental parameters: or-
bital inclination, relative radius, mass ratio, and temperature ratio. The results
demonstrate that the neural network orbital solution model for semi-detached
binary stars can rapidly model a light curve. When the photometric error is
less than 1% of the light curve amplitude, the measurement errors for orbital
inclination, relative radius, mass ratio, and temperature ratio are 1.251, 0.004,
0.008, and 0.003, respectively, for semi-detached binary stars with orbital incli-
nation close to 90°, temperature ratio of approximately 0.6, and light variation
amplitude of 1.84 mag. Furthermore, application results on Kepler observed
light curves indicate that the model can relatively accurately model light curves
of pulsating eclipsing binaries (goodness of fit can achieve above 0.9). Moreover,
as a general tool, this model can be migrated to different photometric survey
projects.
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Abstract: Semi-detached binaries are important targets for studying the forma-
tion and evolution of interacting binary systems. With the advent of large-scale
time-domain surveys, a rapid modeling tool is urgently needed for automated
light curve analysis of semi-detached binaries. This work proposes a neural
network-based model for fast photometric orbital solution of semi-detached bi-
naries. The model derives four fundamental parameters—orbital inclination, rel-
ative radius, mass ratio, and temperature ratio—from the light curve and known
primary star temperature. Results demonstrate that the neural network model
can rapidly model a light curve. For semi-detached binaries with orbital inclina-
tions near 90°, temperature ratios around 0.6, and light curve amplitudes of 1.84
mag, the measurement errors for orbital inclination, relative radius, mass ratio,
and temperature ratio are 1.251°, 0.004, 0.008, and 0.003, respectively, when
photometric errors are less than 1% of the light curve amplitude. Application
to Kepler light curves shows the model can accurately model pulsating eclipsing
binaries (fitting degree >0.9). Furthermore, as a general tool, the model can be
transferred to different photometric surveys.

Keywords: stellar physics; eclipsing binaries; close binaries; machine learning;
data analysis

1 Neural Network Modeling for Light Curve Solution

The shape of eclipses in binary light curves reflects the orbital inclination, while
the duration and relative positions of eclipses reveal orbital eccentricity, longi-
tude of periastron, and the sum of the radii of both components. The depth
ratio of the two eclipses indicates the relationship between surface temperatures
and eclipsed areas of the two stars. Additionally, gravity darkening, limb dark-
ening, reflection coefficients, starspots, and circumstellar material also manifest
in light curves. Through light curve modeling, we can extract binary system
characteristics such as period, orbital inclination, luminosity ratio, and relative
radius (r = R/a, where R is the equivalent radius of the component and a is the
semi-major axis of the binary orbit). Statistical analysis of near-contact binary
light curves shows that near-contact binaries are typically observed only when
orbital inclinations exceed 70°, and most consist of A- or F-type primary stars
with secondary stars one to two spectral types later.

1.1 Model Sample Data

Semi-detached binaries can be classified into two types based on which compo-
nent fills its Roche lobe: (1) the primary star (more massive component) fills
its Roche lobe while the secondary is underfilled or nearly filled; (2) the sec-
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ondary star (less massive component) fills its Roche lobe while the primary is
underfilled or nearly filled.

Since we cannot directly determine from the light curve whether a semi-detached
binary has a primary-filled or secondary-filled configuration, and because degen-
eracies exist between these states in certain parameter spaces, training on both
types simultaneously would reduce model accuracy due to parameter degener-
acy, leading to inaccurate predictions and inability to determine the system’ s
state. Therefore, this work constructs separate light curve modeling models for
primary-filled and secondary-filled states. For an observed light curve, the model
provides optimal parameter solutions under both configurations. PHOEBE then
reproduces light curves using both parameter sets, and the fitting degree is cal-
culated by comparing these with the observed light curve. The configuration
with higher fitting degree is adopted as the final state and parameters.

We set the primary star temperature 7; range to 5000-10000 K, defining the
“primary” as the more massive component (also designated as “Star 1”). Orbital
inclination (incl) ranges from 60° to 90°, mass ratio (¢) from 0.1 to 1, and
secondary temperature (7,) from 3800-10000 K. The critical Roche lobe radii
for the components are given by:

0.49¢2/3

Ter = 0.6¢2/3 + In(1 + ¢1/3)

(1)

, 0.49¢72/3

"o = 0.6¢-2/3 + In(1 + ¢~ 1/3)

(2)

Relative radii (R/a) are randomly generated within these ranges. For the
primary-filled model, we use orbital inclination, mass ratio, temperature ratio,
and secondary relative radius as free parameters. Fach parameter is uniformly
and randomly sampled within its specified range to generate light curves with
100 phase points using PHOEBE in the 0-1 phase interval. Flux values are
converted to Kepler magnitudes. Since PHOEBE uses “flux” to represent light
curve amplitude, we standardize the generated curves using:

m= 25105, (&) @

where f represents the 100 flux sample points from PHOEBE and (f) is the
mean flux. The same method constructs the dataset for the secondary-filled
model.

Approximately 300,000 light curves were generated for each model. Figure 1:
see original paper and (b) show the frequency distribution histograms of the
dataset across parameters. The non-uniform distribution in relative radius and
temperature ratio arises from parameter interdependencies. To address this, we

chinarxiv.org/items/chinaxiv-202211.00175 Machine Translation


https://chinarxiv.org/items/chinaxiv-202211.00175

ChinaRxiv [$X]

randomly sample 50,000 data points from the training set for each iteration
until convergence. Additionally, primary temperature, orbital inclination, mass
ratio, temperature ratio, and secondary relative radius are standardized using
sklearn’ s StandardScaler. The dataset is split into training, validation, and test
sets in a 7:2:1 ratio.

1.2 Neural Network Architecture for Light Curve Solution

[Figure 2: see original paper] illustrates the network architecture. Based on
a Multi-Layer Perceptron (MLP) structure, the network comprises one input
layer, eight hidden layers, and one output layer. The input layer contains 101
neurons: 100 data points from the light curve and the primary star temperature
(T}). Each hidden layer is fully connected (FC), with neuron counts shown in
[Figure 2: see original paper]. To reduce feature loss during propagation, resid-
ual blocks are introduced. Hidden layers use the tanh activation function to
enhance nonlinear expression capability. The model is trained using backprop-
agation with the Adam optimizer and L2 loss function:

1 N
L=y @

where y; is the true value and g, is the predicted value. The model outputs four
parameters: orbital inclination (incl), relative radius (R/a), mass ratio (g), and
temperature ratio (T,/T}).

1.2.1 Primary-Filled Light Curve Model For the primary-filled model,
we train the mapping between light curves and parameters using 100-point light
curves and primary temperature (7)) as inputs, and orbital inclination, sec-
ondary relative radius (R,/a), mass ratio (¢), and temperature ratio (7,/7;) as
outputs. [Figure 3: see original paper| shows the test results. Deviations be-
tween predicted and true values are 0.039°, 0.000, -0.003, and -0.002 for orbital
inclination, secondary relative radius, mass ratio, and temperature ratio, respec-
tively. Standard deviations of residuals are 0.238°, 0.003, 0.010, and 0.024.

[Figure 4: see original paper]| validates the model using a simulated semi-
detached binary light curve with parameters 7} = 6000 K, incl = 85°
Ry/a = 0.3, ¢ = 0.5, and T,/T; = 0.866. The model predicts incl = 84.95°,
Ry/a = 0.299, ¢ = 0.499, and T,/T; = 0.867. The reproduced light curve
(red line) matches the original well. Residuals are larger at eclipse phases due
to fewer sampling points in those regions from uniform phase sampling. The
residual between reproduced and original curves is less than 0.005 mag, with a
fitting degree (R?) of 0.994, defined as:

2 2Wwi—0)?
=1 >y —y)? (6)
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1.2.2 Secondary-Filled Light Curve Model Similarly, for the secondary-
filled model, we use light curves and primary temperature (77) as inputs and
orbital inclination, primary relative radius, mass ratio, and temperature ratio
as outputs. [Figure 5: see original paper]| shows test results with deviations
of 0.013°, 0.000, 0.002, and -0.001, and residual standard deviations of 0.291°,
0.004, 0.013, and 0.016 for the four parameters, respectively.

[Figure 6: see original paper] validates this model using a light curve with
T, = 7600 K, incl = 85°, R,/a = 0.4, ¢ = 0.2, and T5/T; = 0.684. The model
predicts incl = 84.88°, R,/a = 0.399, ¢ = 0.200, and T,/T, = 0.681. The
reproduced light curve (red line) matches the original (blue points) well, with
residuals below 0.005 mag and R? = 0.9957.

3 Application to Kepler Data
3.1 Light Curve Modeling of Kepler Semi-Detached Binaries

NASA’ s Kepler satellite, launched in March 2009, has a 1.4 m primary mirror
(0.95 m effective aperture) and a 105 deg? field of view, providing long-cadence
(LC; 29.4 min) and short-cadence (SC; 58.8 s) data. Slawson et al. (2011) clas-
sified 2,165 eclipsing binaries from Kepler data, including 1,261 detached, 152
semi-detached, and 469 overcontact systems. We selected five semi-detached
binaries with known orbital solutions to test our model on real observations.

The modeling procedure involves: (1) Light curve preprocessing: fold the data
using Kepler periods, standardize using equations (2) and (3), remove points
with errors >30, bin the data into 100 phase bins, and use bin means as
input. Figure 7: see original paper-(e) shows preprocessed light curves for
KIC10581918, KIC10619109, KIC06669809, KIC06206751, and KIC06048106,
with gray points representing original data and blue points showing the prepro-
cessed input. (2) Input the preprocessed light curve and primary temperature
(from Kepler or spectroscopy) into both models, reproduce light curves using
predicted parameters, calculate R? values, and select the configuration with
higher R2.

Figure 8: see original paper-(e) shows modeling results for the five targets. Gray
points are observed light curves, orange dashed lines show primary-filled model
results, and blue lines show secondary-filled model results. All five systems
achieve better fits with the secondary-filled model, consistent with literature
classifications.

compares parameters derived from our neural network model with literature
values obtained using PHOEBE or WD code. Most parameters agree within
literature error bounds. For KIC06669809 and KIC06206751, R? values are
below 0.9, likely due to: (1) asymmetric light curves outside eclipse (phases
0.25 and 0.75) from starspots or hot spots; (2) for KIC06669809, orbital inclina-
tion <70° reduces accuracy; (3) for KIC06206751, possible orbital eccentricity
(primary-secondary eclipse separation = 0.5008). The model achieves R2 > 0.9
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for symmetric pulsating eclipsing binaries without spot-induced asymmetries,
providing an important tool for analyzing stellar pulsation mechanisms and
identifying systems with special characteristics.

3.2 Analysis of Model Performance

For Kepler, photometric precision is ~100 ppm (~0.0001 mag) for stars with
K, <13 mag at 30-min exposure. However, for binaries, observational error (o)
affects parameter measurement in relation to light curve amplitude (Am). We
define relative measurement error as o/Am to characterize this impact. Using
KIC10581918 (amplitude ~1.84 mag) as a template, we performed Monte Carlo
simulations to estimate parameter measurement errors under different observa-
tional errors. After adding noise corresponding to various relative errors, we
binned the data and used the secondary-filled model to estimate parameters.

[Figure 9: see original paper| shows parameter measurement errors versus rela-
tive error. Errors increase with relative error. At o/Am = 0.01, measurement
errors for orbital inclination, relative radius, mass ratio, and temperature ratio
are 1.251°, 0.004, 0.008, and 0.003, respectively. Compared with , deviations
from literature values fall within error bounds for relative radius, mass ratio, and
temperature ratio. The orbital inclination deviation is ~-1.2°. As relative error
increases, predicted orbital inclination, primary relative radius, and tempera-
ture ratio show increasing trends because noise affects the shallow secondary
eclipse more than the primary eclipse, leading to larger measured inclination,
smaller secondary radius (manifesting as larger primary relative radius), smaller
mass ratio, and larger temperature ratio.

In summary, the model accurately derives binary parameters from Kepler data,
achieving R? > 0.9 for symmetric semi-detached binaries. At o/Am = 0.01,
measurement errors are 1.251°, 0.004, 0.008, and 0.003 for orbital inclination,
relative radius, mass ratio, and temperature ratio, respectively, providing a
solid foundation for statistical studies of mass and angular momentum transfer
in close binary systems.

The neural network model dramatically reduces computation time: modeling a
100-point light curve takes ~5 ms on a 2.10 GHz Intel Xeon Gold 5218R CPU
with 128 GB memory, compared to ~4 s using PHOEBE. MCMC+PHOEBE
fitting with 80 walkers and 2000 steps requires >10 hours for the same data.

4 Summary and Outlook

This work presents a neural network-based rapid photometric orbital solu-
tion model for semi-detached binaries, including separate primary-filled and
secondary-filled models. Using light curves and primary temperatures, the
model derives orbital inclination, relative radius, mass ratio, and temperature
ratio. For synthetic data, the primary-filled model achieves residual standard
deviations of 0.238°, 0.003, 0.010, and 0.024 for the four parameters, with
R? ~ 0.99. The secondary-filled model achieves 0.291°, 0.004, 0.013, and
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0.016, also with R%2 ~ 0.99. Application to Kepler semi-detached binaries
shows accurate parameter estimation for symmetric light curves (R? > 0.9).
At o/Am = 0.01, measurement errors are 1.251°, 0.004, 0.008, and 0.003.
The model accurately models pulsating eclipsing binaries, which is crucial for
analyzing stellar pulsation mechanisms and identifying binaries with special
characteristics.

This modeling tool significantly reduces computational time, enabling rapid
derivation of orbital parameters from massive light curve datasets. These param-
eters provide essential data for studying mass and angular momentum transfer,
loss, and redistribution in close binary systems. Light curve modeling is funda-
mental for investigating pulsation mechanisms in eclipsing binaries; removing
eclipse effects reveals non-radial oscillations for asteroseismic analysis, constrain-
ing overshooting parameters and providing insights into stellar interiors. The
model can be transferred to different surveys through transfer learning—e.g.,
using TESS bandpass data for TESS analysis. This rapid modeling tool is es-
sential for statistical studies of semi-detached binaries and efficient identification
of systems with special physical mechanisms.
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