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- Transmission spectroscopy probes exoplanet atmospheres by measuring wavelength-

dependent variations in transit depth, which reveal atmospheric composition.

- Hot Jupiters are the most accessible ground-based targets because of their large radii.

- Apply supervised machine learning, using Random Forest Regressor (RFR) to

predict atmospheric properties of hot Jupiters and compare its computational

efficiency with the traditional Tau Retrieval for Exoplanets (TauREx3)[2l retrieval.

- Several filter sets are available for broadband transmission spectroscopy, including
Johnson—Cousins and the Sloan Digital Sky Survey (SDSS), but there is no established
method for selecting the optimal filters.

- Traditional retrievals such as Markov chain Monte Carlo (MCMC) and nested sampling

require significant computational time.
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Figure 1. An exoplanet orbits its host star and
passes in front during transit. Starlight crossing
the atmosphere undergoes wavelength-
dependent absorption and scattering, revealing
atmospheric composition.

(b) Machine learning
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Figure 2. Example of a synthesized transmission spectrum (red), created by
weighting a TauREx3 simulated spectrum (light blue) with the transmission
profiles of the filters shown below.

(c) TauREX3 retrieval
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transmission spectra of hot Jupiters.

(d) Filter ranking
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Figure 3. Comparing the performance of TauREx3 and RFR in retrieving four
planetary parameters (R, Tp, X1io and Xvo) from transmission spectra of 50
exoplanets in the [0.8, 1.0) Ry range. Orange points represent TauREX3 results, and
purple points represent RFR predictions. The dashed line is the one-to-one line,
where predicted and true values are equal.

« A RFR trained on TauREx3 synthetic spectra predicts Rp, Tp, XTio and Xvo with high
accuracy and is approximately 400,000 times faster than traditional retrieval

methods.
« Feature-ranking shows that 5 optical filters achieve nearly the same performance
as all 10, enabling more efficient observations.

« Limitations include the need for a two-stage model and applicability only to hot
Jupiters; future work should explore a single model, multi-parameter machine

learning retrievals, and broader exoplanet classes.

Table 1. Processing time of RFR compared with the TauRex3 retrieval

for the dataset in the [0.8, 1.0)R, range.

Table 2. The filter ranking of the optical filter for each bin of the

planetary radius. The leftmost filter is the most important for each

bandpass.
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Figure 4. Example filter ranking for planets in the range [0.8, 1.0) Ry. The
process begins with 10 filters and eliminates the lowest-importance
feature at each step (importance shown in the heatmap). The final rank is

the y-axis label.
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Figure 5. The cross-validation score, along with the reduction in
the number of filters for each planet radius range. The dashed lines
represent the filter-elimination trends for each Ry, and the black
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