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Planet Earth in reflected and polarized light
II. Refining contrast estimates for rocky exoplanets with ELT and HWO
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Abstract

The characterization of nearby rocky exoplanets will become feasible with the next generation of telescopes, such as the Extremely Large Telescope (ELT) and the mission concept Habitable Worlds Observatory (HWO). Using an improved model setup, we aim to refine the estimates of reflected and polarized light contrast for a selected sample of rocky exoplanets in the habitable zones of nearby stars. We perform advanced 3D radiative transfer simulations for Earth-like planets orbiting G-type and M-type stars. Our simulations incorporate realistic, wavelength-dependent surface albedo maps and a detailed cloud treatment, including 3D cloud structures and inhomogeneities, to better capture their radiative response. These improvements are based on Earth observations. We present models of increasing complexity, ranging from simple homogeneous representations to a detailed Earth-as-an-exoplanet model. Our results show that averaging homogeneous models fails to capture Earth’s full complexity, especially in polarization. Moreover, simplistic cloud models distort the representation of absorption lines at high spectral resolutions, particularly in water bands, potentially biasing atmospheric chemical abundance estimates. Additionally, we provide updated contrast estimates for observing rocky exoplanets around nearby stars with upcoming instruments such as ANDES and PCS at the ELT. Compared to previous studies, our results indicate that reflected light contrast estimates are overestimated by a factor of two when simplified cloud and surface models are used. Instead, measuring the fractional polarization in the continuum and in high-contrast, high-resolution spectra may be more effective for characterizing nearby Earth-like exoplanets. These refined estimates are essential for guiding the design of future ELT instruments and the HWO mission concept.
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1 Introduction
The search for Earth-like exoplanets and the quest to characterize their atmospheres remain among the most compelling goals of modern astrophysics. However, a major challenge in directly imaging and characterizing rocky exoplanets is the extreme contrast between the planet and its much brighter host star. Overcoming this challenge requires innovative observational techniques and a deeper understanding of planetary light scattering.
Currently, most mature exoplanet atmosphere characterization relies on transmission spectroscopy, which is limited to transiting planets. Although highly successful for studying the atmospheric dynamics of hot Jupiters during transit (e.g., Nortmann et al. 2025; Seidel et al. 2025) and secondary eclipse (e.g., Pino et al. 2020; Costa Silva et al. 2024) and their atmospheric chemical composition (e.g., Snellen et al. 2008; Prinoth et al. 2024a), this method faces significant challenges when applied to rocky exoplanets. Temperate rocky exoplanets are less likely to transit due to their typically longer orbital periods, making transmission spectroscopy impractical for a broad population of potentially habitable worlds. Furthermore, their atmospheres are generally thinner than those of Jupiter-like planets, making atmospheric characterization even more challenging. In addition, in-transit radial velocity changes for longer period planets (like warm Jupiters) are too small to directly separate the planetary signal’s wavelength shift from stellar and telluric lines, further complicating the detection of atmospheric absorption lines (Borsa et al. 2019; Seidel et al. 2020; Prinoth et al. 2024b). Moreover, transmission spectroscopy primarily probes the upper atmospheric layers, providing limited information about surface conditions and lower atmospheric composition, both crucial for assessing habitability. Importantly, in this context, habitability refers specifically to the potential for surface liquid water, not necessarily to conditions sufficient for supporting life.
Reflected light observations offer a promising alternative, enabling the study of both transiting and non-transiting exoplanets. By analyzing the light scattered by the atmosphere and reflected off the planet’s surface, it is possible to retrieve key properties such as albedo across different wavelengths and phase angles (Roccetti et al. 2025), which can reveal the presence of clouds, oceans, and ice (Turbet et al. 2016). Additionally, spectral features in reflected light provide direct constraints on atmospheric composition, allowing for the detection of key molecules such as O2, H2O, CH4, CO2, and potentially CO. These observations can offer a more comprehensive view of an exoplanet’s climate, surface conditions, and habitability.
The upcoming RISTRETTO (Lovis et al. 2022) spectrograph at the Very Large Telescope (VLT) is designed for detecting and analyzing exoplanetary atmospheres in reflected light, with a primary focus on the temperate rocky planet Proxima b (Bugatti et al. 2024). This scientific mission leverages the synergy between a high-contrast adaptive optics (AO) system and high-resolution spectroscopy and will serve as a precursor to the Extremely Large Telescope (ELT). The ELT, with its unprecedented light-collecting capacity and angular resolution, will pioneer the detection of reflected light from rocky exoplanets. Although current attempts have mostly yielded upper limits (Charbonneau et al. 1999; Collier Cameron et al. 1999, 2002; Rodler et al. 2013; Martins et al. 2015; Hoeijmakers et al. 2018; Scandariato et al. 2021; Spring et al. 2022), high-contrast, high-resolution (HCHR) observations with the ELT’s ANDES instrument are expected to achieve contrasts on the order of 10–7 within a few tens of nights (Pallé et al. 2025). A promising golden sample for future observations includes Proxima b, GJ 682 b, Wolf 1061 c, GJ 273 b, and Ross 128 b, all orbiting M dwarfs. Observationally, M dwarfs are favorable targets because their close-in habitable zones (Kasting et al. 1993; Selsis et al. 2007; Kopparapu et al. 2013) enable the detection and characterization of more transiting planets on shorter orbits. Additionally, other ELT instruments like HARMONI may also allow for the characterization of the atmosphere of Proxima b (Vaughan et al. 2024), while the proposed PCS instrument (Kasper et al. 2021) will leverage its extreme AO system and spectrograph for imaging rocky exoplanets.
Rocky planets orbiting M dwarfs may face significant challenges in retaining substantial atmospheres due to intense stellar activity and irradiation (Luger & Barnes 2015; Dong et al. 2018). Recent JWST results offer mixed findings: 55 Cancri e is proposed to have an atmosphere (Hu et al. 2024), while TRAPPIST-1 b and c showed upper limits on the absence of thick atmospheres (Greene et al. 2023; Zieba et al. 2023). Detecting atmospheres around habitable zone planets remains difficult due to stellar contamination, as shown in the case of LHS 1140 b (Cadieux et al. 2024).
G-type stars, with their relatively stable stellar activity, are more promising targets for finding true Earth analogs. Ongoing efforts like the Terra Hunting Experiment (THE, Hall et al. 2018) are focused on detecting Earth-mass planets around G-type stars through precise radial velocity measurements. Moreover, the PLATO mission (Rauer et al. 2025) will play a key role in detecting and characterizing Earth-sized planets around Sun-like stars by leveraging high-precision photometry to measure their transits and constrain their bulk properties. Additionally, the ARIEL space mission (Tinetti et al. 2018) will begin characterizing a subset of temperate sub-Neptunes and super-Earths (Edwards & Tinetti 2022), providing valuable input for the target selection of upcoming space missions like the mission concepts Habitable World Observatory (HWO, National Academies of Sciences & Medicine 2021) and Large Interferometer For Exoplanets (LIFE, Quanz et al. 2022), which aim to search for and characterize rocky exoplanets. HWO, for instance, will aim to image and study the reflected light of exoplanets, while LIFE will focus on thermal emission to provide insights into atmospheric pressure-temperature profiles and molecular signatures (Alei et al. 2024).
A complementary approach to characterize distant worlds through spectroscopy and direct imaging is by measuring their degree of polarization in reflected light. The light reflected by an exoplanet becomes partially linearly polarized due to atmospheric scattering and surface reflection (Stam 2008). Previous modeling efforts by Stam (2008); Karalidi & Stam (2012); García Muñoz (2015); Emde et al. (2017); Trees & Stam (2019, 2022); Gordon et al. (2023); Vaughan et al. (2023) have demonstrated how polarization can aid in characterizing Earth-like exoplanets and distinguishing between different atmospheric and surface properties, which intensity-only simulations cannot achieve. Roccetti et al. (2025) performed detailed simulations of reflectance and polarized spectra and phase curves for an ocean and an Earth-like planetary scenarios. Their results suggest that the polarization fraction for an Earth-like planet ranges between 10% and 30%, depending on the wavelength and phase angle. Studying polarized light offers a valuable way to enhance the contrast between the planet and its host star, as most F-, G-, and K-type stars emit nearly unpolarized light (Cotton et al. 2017). However, this method comes with the trade-off of reduced sensitivity. Furthermore, polarization measurements help break degeneracies in atmospheric retrievals by distinguishing between clouds and surface features across different models (Karalidi & Stam 2012). Unlike intensity-based observations, polarized light is not affected by transmission through Earth’s atmosphere, as polarization arises from scattering processes with molecules or surface reflections, eliminating the need for telluric correction.
Roccetti et al. (2025) introduced an improved cloud and surface modeling framework for simulating the reflected and polarized light of rocky exoplanets, highlighting the impact of realistic cloud and surface modeling. Their study demonstrated that neglecting sub-grid cloud variability leads to a significant overestimation of the planet’s overall reflectance. Additionally, the vegetation red edge (VRE) feature is largely overestimated if surface albedo maps do not account for wavelength-dependent variations of complex mixture of different surface materials.
Building on this refined modeling approach, this second paper in the series extends contrast estimations for the reflected and polarized light of future rocky exoplanet observations. Specifically, we construct homogeneous planetary models and evaluate how their spectral and phase curve features compare to the more detailed, realistic models presented in Roccetti et al. (2025). Using the defined golden sample of rocky exoplanets expected to be observed in reflected light by ANDES (Pallé et al. 2025), we provide improved contrast estimates and compare them with values reported in the literature. This analysis assesses the impact of detailed cloud and surface modeling in 3D radiative transfer simulations. Additionally, we explore contrast predictions for polarized observations and evaluate their feasibility with the upcoming ELT and HWO. These results are crucial for guiding the design of future instruments dedicated to the characterization of rocky exoplanets.
2 Reflected and polarized light contrasts
Pallé et al. (2025) identified a golden sample of non-transiting rocky exoplanets orbiting nearby M-type stars, for which ANDES is expected to detect reflected light within a few tens of nights. This sample consists of the five most promising targets in terms of reflected light signal-to-noise ratio (SNR): Proxima b, GJ 273 b, Wolf 1061 c, GJ 682 b, and Ross 128 b. With the planned launch of PLATO in 2026, serving as a key pathfinder survey, the target list is expected to expand in the coming years. Building on the golden sample, we include the recently discovered Barnard b (González Hernández et al. 2024), a sub-Earth-mass exoplanet orbiting the closest single star to the Sun. Since all six of these rocky exoplanets orbit M-dwarfs, we extend our study to include a comparison with a G-type star by estimating the contrast of potential Earth-like exoplanet in the habitable zone of Alpha Cen A. Notably, Wagner et al. (2021) reported the detection of a point-like source in this system, which could be attributed to an exoplanet, exozodiacal dust, or an instrumental artifact, pushing the current exoplanet imaging mass detection limits.
Our goal is to provide refined flux contrast estimates for these nearby planetary systems by improving the modeling of clouds and surface albedo in reflected light calculations. In general, the contrast between an exoplanet and its host star in reflected light is
[image: equation](1)
where Fp and F⋆ are the fluxes of the planet and the star, respectively, Rp is the radius of the planet, d is the distance from the Earth, Ag is the geometric albedo of the planet, g(α) is the phase function and α the phase angle (e.g., the angle between the direction to the star and the direction to the observer as seen from the planet). The angular separation θsep of the star-planet system is dependent on the phase angle, and we report values for α = 90°, corresponding to the maximum elongation of the planet, to allow for a direct comparison with the contrast estimates presented in Pallé et al. (2025). However, ANDES can operate at smaller inner working angles and observe planets at phase angles below 90°, which are more favorable for detecting reflected light, thereby enhancing contrast (Pallé et al. 2025).
In Roccetti et al. (2025), we present extensive sensitivity studies on estimating planetary reflectance, defined as the product of the geometric albedo and the phase function: R = Ag · g(α). Since reflectance is independent of the stellar spectrum, the flux contrast can be determined using the planetary radius and angular separation for different planetary systems. In Table 1, we provide typical values of the scale factor (s), defined as
[image: equation](2)
In addition to the reflected light contrast, we also introduce the contrast in polarization. The incident starlight reaching the planet is expected to be nearly unpolarized, with the disk-integrated sunlight exhibiting a polarization level of approximately 10–6 (Kemp et al. 1987). Conversely, light reflected from a planet’s surface or scattered within its atmosphere can be polarized at levels of several tens of percent. Rayleigh scattering by atmospheric molecules polarizes light, though multiple scattering with clouds and aerosols can depolarize previously polarized photons. Similarly, the ocean glint produces strong linear polarization, while other surface types may depolarize light. Polarized light observations enhance the contrast between the planet and its host star and offer advantages over total flux measurements. Unlike absolute intensity, polarization is a relative measurement, independent of the star’s type or distance.
In polarization, the reflected light contrast can be expressed as
[image: equation](3)
where P is the degree of linear polarization normalized between 0 and 1. The polarization contrast is function of α (Buenzli & Schmid 2009).
While it is true that the polarized contrast is lower than the contrast in intensity alone, polarimetric differential imaging (DPI) can greatly push the sensitivity down to a few orders of magnitude due to fast modulation. The Zurich IMaging POLarimeter (ZIMPOL), the visible focal plane instrument of SPHERE can, in principle, reduce the achievable contrast from 10–4 (with Adaptive Optics alone) to 10–8 in polarization (Hunziker et al. 2020). This advantage is particularly significant for planets with smaller angular separations from their host star, as polarimetric observations can reduce, or, in principle, cancel, speckle noise around the coronagraph. Beuzit et al. (2019) conducted polarimetric observations of a sample of targets and demonstrated that ZIMPOL achieves polarization contrast detection limits much deeper than those of intensity-based observations. For Alpha Cen A, polarization lowered the achievable contrast from 10–5 to 10–7 close to the star, at an angular separation of 0.35 arcsec, and from 10–7 to 10–8 at the wider separation angle of 1.5 arcsec.
Table 1 
Scale factor for exoplanets orbiting nearby M-type stars and a potential Earth-like planet around Alpha Cen A.

3 3D radiative transfer simulations
We perform 3D radiative transfer simulations using MYSTIC (Mayer 2009), the Monte Carlo code for the phYsically correct Tracing of photons in Cloudy atmospheres, which is part of the libRadtran library (Mayer & Kylling 2005; Emde et al. 2016). MYSTIC incorporates the Absorption Lines Importance Sampling (ALIS) method (Emde et al. 2011), enabling fast calculations of high-resolution spectra by tracing photons at a single wavelength. Moreover, the variance reduction method VROOM (Buras & Mayer 2011) is used to correctly simulate clouds. Emde et al. (2017) adapted MYSTIC to simulate disk-integrated properties of the Earth as an exoplanet in polarization, accounting for surface reflection, multiple scattering by molecules, aerosol particles, cloud droplets, and ice crystals.
Building on this foundation, Roccetti et al. (2025) further advanced the modeling framework by introducing the capability to simulate fully inhomogeneous and realistic planets. This includes a new treatment of cloud sub-grid variability and inhomogeneities through the 3D Cloud Generator (3D CG) algorithm1. The 3D CG employs 3D cloud fields from the ERA5 reanalysis dataset (Hersbach et al. 2020), the European Centre for Medium-Range Weather Forecasts (ECMWF) ReAnalysis fifth-generation product. It provides atmospheric data on a global grid of 1440 × 721 horizontal pixels and 37 vertical levels. For each grid cell, ERA5 provides liquid water content, ice water content, and cloud cover. Although the ERA5’s spatial resolution (~31 km or 0.25°) is more than adequate for exoplanet modeling, Roccetti et al. (2025) demonstrated that introducing sub-pixel cloud variability significantly affects disk-integrated reflectance and polarization spectra and phase curves. To address this, the 3D CG redistributes the liquid water and ice water content within each ERA5 grid cell into sub-grid structures, generating patchier cloud distributions. This allows more photons to reach the surface and mitigates the over-smoothing of cloud effects at coarse spatial resolution. The algorithm conserves both the in-cloud optical thickness and total planetary cloud cover. A specified vertical overlap scheme is applied to distribute sub-grid clouds vertically. Roccetti et al. (2025) found that the algorithm converges when each ERA5 grid cell is divided into nine sub-pixels (a zoom-in factor of 3), with no significant differences observed between maximum-random and exponential-random vertical overlap schemes. Therefore, all 3D CG simulations in this work are performed using a x3 zoom-in factor with exponential-random overlap.
The improved modeling framework presented in Roccetti et al. (2025) also includes the implementation of wavelength-dependent surface albedo maps using HAMSTER (Roccetti et al. 2024). Additionally, the framework incorporates more sophisticated surface treatments, allowing Lambertian surfaces with spectral albedo variations and oceans modeled with bidirectional reflectance distribution functions (BRDFs) or bidirectional polarization distribution functions (BPDFs), enabling the ocean glint to be treated correctly.
The results and sensitivity studies presented in Roccetti et al. (2025) serve as a starting point for this work. Here, we assess whether a linear combination of homogeneous planet models can accurately reproduce the ground-truth ocean and Earth-like planet scenarios explored in Roccetti et al. (2025). Furthermore, we investigate the impact of advanced 3D inhomogeneous radiative transfer simulations on estimating the contrast in reflected and polarized light for the golden sample of rocky exoplanets orbiting nearby stars (Pallé et al. 2025).
3.1 Homogeneous planets model setup
We construct homogeneous, cloud-free planetary models by incorporating wavelength-dependent surface albedo properties characteristic of four distinct surface types: desert, forest, polar ice cap, and ocean, all beneath an Earth-like atmosphere with US standard atmospheric properties (Anderson et al. 1986). The wavelength-dependent surface albedo properties are extracted from HAMSTER (Roccetti et al. 2024). Specifically, we use the typical reflectance spectrum of the Amazon rainforest region in HAMSTER for the forest planet. For the desert planet, we adopt the wavelength-dependent surface albedo from the Australian desert dataset. For the polar region, we use the boreal summer Antarctica spectrum as a benchmark.
For the ocean surface, while it lacks strong wavelength-dependent features, we account for ocean glint reflection by implementing the BRDF in reflected light and the BPDF in polarized light, assuming a constant surface wind speed of 10 m s–1. To approximate an Earth-like planet scenario, we construct a linear combination of these homogeneous planets, assuming the Earth’s surface composition consists of 70% ocean, 10% forest, 10% desert, and 10% polar regions.
To simulate homogeneous cloudy planets, we retain the same wavelength-dependent surface properties while introducing an idealized homogeneous cloud field based on the properties detailed in Roccetti et al. (2025) (Tables 1 and 2). Specifically, we assume a 46% cloud cover, with a liquid water (LW) cloud optical depth of 6.51 at a bottom altitude of 1.59 km. To ensure consistency across different horizontal resolutions, we first generate a cloud field matching the 3D CG resolution with a zoom-in factor of ×3 (Roccetti et al. 2025), resulting in a grid box size of approximately 9 km. The cloud layer is set to a 1 km vertical extent, and we calculate the in-cloud liquid water content to maintain the prescribed LW cloud optical depth. The cloud effective droplet radius is also fixed at 8.99 μm, from the averaged properties of the ERA5 reanalysis product found in Roccetti et al. (2025). In these homogeneous planet models, 60% of the sub-grid cells are randomly assigned to be cloudy, resulting in horizontally patchy cloud structures. Also for the Earth-like cloudy scenario, we build it as a linear combination of the cloudy homogeneous simulations, maintaining the assumed surface composition of 70% ocean, 10% forest, 10% desert, and 10% polar regions.
3.2 Setups for models of increasing complexity
By building models of increasing complexities, we assess the impact of the improved cloud and surface modeling approaches presented in Roccetti et al. (2025) on the simulated spectra and phase curves compared to homogeneous planet simulations. To perform this comparison, we use the same 3D radiative transfer code MYSTIC and the same grid size. We simulate models of different complexities, from uniform surface and clouds to more complex and inhomogeneous cases. The increasing complexity scales as follows:

	uniform surface, with a constant surface albedo of 0.2 (Kopparapu et al. 2013), not wavelength-dependent, and uniform LW clouds (fully cloudy layer with τ = 6.51, reff = 8.99 μm and altitude thickness 1 km from 1.59 to 2.59 km);


	uniform surface (as above) and a homogeneous LW cloud layer with 46% patchy cloud cover (making the previous cloud layer patchy and redistributing the liquid water content among only cloudy pixels);


	linear combination of surfaces, taking a representative spectra of a forest, a desert, a polar region and the ocean (including BRDF and BPDF), and averaging them as 70% ocean, 10% forests, 10% deserts and 10% polar to reproduce the Earth, and patchy LW clouds with 46% cloud cover (as above);


	linear combination of surfaces (as above) with two cloud layers, the patchy LW clouds and the patchy ice water (IW) clouds. For the IW clouds we use 54% of cloud cover, τ = 0.63, altitude range from 4.34 to 5.34 km and reff = 46.9 μm taken from Roccetti et al. (2025) (Tables 1 and 2);


	ocean surface (with BRDF and BPDF) with the 3D CG clouds, including their LW and IW clouds and their 1σ spread, this scenario obviously includes the effects of an ocean glint;


	Earth-like scenario including ocean surface treated with the BRDF and BPDF (but ocean glint almost always hidden by land) and hyperspectral albedo maps with the 3D CG clouds including their LW and IW clouds and their 1σ spread.




3.3 Setup for high-spectral-resolution simulations
With the same model setup as in Roccetti et al. (2025), we run high-spectral-resolution simulations at ANDES resolution R = 100 000 to study the effect of different surface and cloud properties not only on the continuum, but also on the absorption lines. Upcoming instruments at the ELT, such as ANDES, will allow us to image the closer rocky exoplanets orbiting M dwarfs using HCHR observations. We study in detail the O2-A band around 780 nm and the H2O absorption lines in the Y band, between 920 and 950 nm. To perform high-spectral-resolution simulations, we couple the Atmospheric Radiative Transfer Simulator (ARTS version 2.2; Buehler et al. 2005, Eriksson et al. 2011) with MYSTIC. ARTS provides accurate line-by-line absorption calculations for molecular species, ensuring precise spectral resolution across a wide wavelength range. The computed absorption coefficients are then used as input for MYSTIC, which simulates the 3D radiative transfer.
3.4 M-dwarf simulations model setup
We extend the comparison between the ocean and Earth-like planet scenarios from Roccetti et al. (2025) to an exoplanet orbiting an M dwarf star. Using the same models, we simulate reflected and polarized light spectra across a wavelength range of 400–2500 nm at a spectral resolution of 1 nm using the REPTRAN absorption parametrization (Gasteiger et al. 2014). While the stellar spectrum is updated as an input, the resulting spectra are only affected by the planet’s surface, atmosphere, and cloud properties, and not by the stellar spectrum. As expected, the reflected light contrast decreases toward the near-infrared (NIR), but this analysis provides valuable predictions for upcoming NIR observations. Moreover, the NIR contains a higher density of absorption features compared to the visible range, enabling the detection of key atmospheric species such as H2O, CO2, CH4, and O2, which are crucial for exoplanet characterization.
4 From homogeneous to realistic Earth-like planets
4.1 Homogeneous planets spectra and phase curves
We perform simulations for homogeneous planets using wavelength-dependent albedo properties from HAMSTER (Roccetti et al. 2024). As demonstrated in Roccetti et al. (2025), accurately modeling surface reflectance, whether for forests, deserts, or other surface types, significantly impacts the planet’s total reflectance, particularly in the VRE region. Roccetti et al. (2025) showed that previous models substantially overestimated the VRE because they represented vegetated surfaces using the laboratory-measured reflectance of a single leaf. However, a forest is a far more complex environment, with its spectral signature arising from a combination of leaves, soil, and other materials. By incorporating HAMSTER into our radiative transfer simulations, Roccetti et al. (2025) demonstrates that the increase in reflectance around 750 nm due to the VRE is notably smaller than previously estimated. This finding helps explain why the observed intensity of the VRE in Earth as an exoplanet intensity observations is weaker than previously expected, as seen in Earthshine studies (Montañés-Rodríguez et al. 2006).
Here, we present reference spectra and phase curves for homogeneous, cloud-free planets with different surface types in both reflected and polarized light. The ocean planet includes BRDF and BPDF treatments, while other land surface types are derived from the HAMSTER hyperspectral albedo maps dataset (Roccetti et al. 2024) and treated as Lambertian surfaces. The Earth-like case, shown in orange, is modeled as a linear combination of ocean, desert, forest, and polar surface types.
In the absence of clouds, distinct surface-dependent features emerge both in the spectra (Fig. 1) and phase curves (Fig. 2). The polar ice cap planet (cyan model) exhibits high reflectance across all wavelengths, while the forest model (green) shows a pronounced VRE feature, which is clearly visible in the spectral reflectance of a purely forested planet. Polarization spectra, however, show the opposite trend. The ocean planet (dark blue) exhibits strong polarization due to the ocean glint effect, while the VRE feature manifests as a steep decline in polarization between 700 and 800 nm. Additionally, phase curves in polarization reveal a shift in the peak of the polarization curve depending on surface properties. For an ocean planet, the polarization peak occurs at almost 90° only at 500 nm, but at higher phase angles at 700 and 900 nm. The polarization peak for an ocean surface without atmosphere would be at 106° (double the Brewster angle for water). For the ocean planet with a Rayleigh atmosphere, it is a mixture of effects: at shorter wavelengths, Rayleigh scattering dominates and the peak is at 90°, at longer wavelengths, surface interactions are decisive and the peak gets closer to 106°. For a forest planet, the peak shifts to larger phase angles compared to an ocean planet, with a wavelength-dependent trend. At λ = 500 nm, where forests are darker and Rayleigh scattering dominates, the polarization peak remains close to α = 90°. However, at longer wavelengths (λ = 700 and 900 nm), the increased reflectance of forests after the VRE causes the polarization peak to shift to approximately α = 110 and 130°, respectively.
4.2 Patchy clouds over homogeneous surfaces
For the same homogeneous planets, we simulate spectra and phase curves assuming a homogeneous cloud cover of 46% (see Sect. 3.1). Fig. 3 presents the reflected (first row) and polarized (second row) light spectra for these cloudy planets. In reflected light, we observe a general increase in brightness compared to the cloud-free simulations (Sect. 4.1), with the effect being particularly pronounced for the ocean planet (dark blue). The polar planet (cyan), which already exhibits a very high surface albedo, is less affected by the presence of clouds. The addition of clouds also impacts the forest planet (green), where the VRE feature becomes less prominent in reflectance due to an increase in the continuum level before 750 nm. However, the effect is significantly stronger in polarization. With a cloudy atmosphere, the overall degree of polarization decreases substantially. For instance, in the ocean planet case, polarization at α = 90° drops from more than 80% in the cloud-free scenario to between 5% and 40% in the cloudy case. The presence of clouds, due to multiple scattering, steepens the slope of the polarized spectra for the forest and desert planets while inverting the slopes for the ocean and Earth-like planet configurations. This highlights the superior diagnostic power of polarization compared to reflectance alone, as it becomes easier to distinguish between cloud-free and cloudy spectra. Moreover, the VRE feature is affected in polarization, as the characteristic drop in polarization between 700 and 800 nm is reduced.
A similar trend is observed in the phase curves for both reflected and polarized light (Fig. 4). In reflected light, the overall brightness increases slightly, particularly for the ocean planet, and additional features appear around α = 40°, corresponding to the cloudbow feature. In polarization, we again observe a significant reduction in the degree of linear polarization, yet new cloud-related features emerge compared to the cloud-free case (Fig. 2). The cloudbow is especially prominent in polarization and carries valuable information about cloud droplet microphysical properties, including size, composition, and shape (Emde et al. 2017; Sterzik et al. 2020). Additional polarization features also appear at large phase angles (α = 120° and 160° for λ = 900 nm), which are associated with the change of the polarization direction.
	[image: thumbnail]	Fig. 1 Reflected light (top row) and polarized light (bottom row) spectra for various homogeneous, cloud-free planets with different surface types. The wavelength-dependent spectral features of desert, forest, and polar surfaces are taken from HAMSTER (Roccetti et al. 2024) and modeled as Lambertian reflectors, while the ocean surface incorporates BRDF and BPDF treatments. Each column corresponds to spectra at different phase angles (α): 60, 90, 120°.



	[image: thumbnail]	Fig. 2 Reflected light (top row) and polarized light (bottom row) phase curves showing homogeneous cloud-free planets. The wavelength-dependent spectral features of desert, forest, and polar surfaces are taken from HAMSTER (Roccetti et al. 2024) and modeled as Lambertian reflectors, while the ocean surface incorporates BRDF and BPDF treatments. Different columns refer to different wavelengths (λ): 500, 700, 900 nm.



	[image: thumbnail]	Fig. 3 Reflected light (top row) and polarized light (bottom row) spectra for various homogeneous planets with different surface types and homogeneous clouds. The wavelength-dependent spectral features of desert, forest, and polar surfaces are taken from HAMSTER (Roccetti et al. 2024) and modeled as Lambertian reflectors, while the ocean surface incorporates BRDF and BPDF treatments. Each column corresponds to spectra at different phase angles (α): 60, 90, 120°.



	[image: thumbnail]	Fig. 4 Reflected light (top row) and polarized light (bottom row) phase curves showing planets with homogeneous clouds and surfaces. The wavelength-dependent spectral features of desert, forest, and polar surfaces are taken from HAMSTER (Roccetti et al. 2024) and modeled as Lambertian reflectors, while the ocean surface incorporates BRDF and BPDF treatments. Different columns refer to different wavelengths (λ): 500, 700, 900 nm.



4.3 Models of increasing complexity
Building on our simulations of homogeneous planets, we now investigate the impact of introducing inhomogeneities and increasing model complexity on reflectance and polarization. Karalidi & Stam (2012) demonstrated that models with horizontal inhomogeneities leave distinct traces in the polarization phase function and affect both the absolute values of reflectance and polarization in Earth-like exoplanet simulations. In this sensitivity study, we transition from homogeneous surface and cloud models to fully realistic Earth-like and ocean planet simulations.
In Fig. 5, we show the reflected and polarized light differences in the spectra due to the models of varying complexity. First, we notice the significant spread between the ocean and Earth-like scenario already shown in Roccetti et al. (2025), way beyond the 1σ cloud variability spread in the models (shaded areas) computed using various cloud fields from the ERA5 reanalysis product. This is particularly evident for α = 60° in reflectance, while the difference gets larger for α = 120° in polarization, where we observe a different behavior both in the spectral slopes of the models, their continuum in the nearinfrared (NIR), and in the behavior of the spectral lines. Due to the presence (ocean scenario) and absence (Earth-like scenario) of the ocean glint feature, we see a different behavior of the water bands around 950 nm, as they are shown in absorption (spectral lines below the continuum) for the ocean planet and in emission (spectral lines above the continuum) for the Earth-like case. This effect is already present in the α = 90° case, but gets enhanced at larger phase angles. For the uniform clouds and surface model (black line), we find it to substantially overestimate the reflectance of the planet and underestimate its polarization at α = 120°, as expected by a uniform cloud layer, where photons are reflected above the cloud deck. Making the LW clouds more patchy (uniform surface – patchy LW clouds, dark gray line) shows improvement in the comparison with the more complex and realistic simulations in reflected light and at large phase angles.
We now change the uniform surface with a linear combination of surfaces with patchy LW clouds (light gray line). Only for α = 90 and 120°, we find a much better correspondence with the Earth-like scenario in reflected light, where the Rayleigh scattering spectral slope more closely matches the realistic Earth-like case. This improvement is due to the wavelength-dependent linear combination of surface types, which provides a more accurate representation of surface albedo. As a last improvement, we add IW clouds on top of the patchy LW clouds over the linear combination of surfaces (silver line). In reflected light, we notice a slight increase in the reflectance for small phase angles.
However, in polarization, we observe a notable difference between the simpler and more complex models, particularly at α = 90 and 120°. At α = 90°, uniform surfaces reduce the level of polarization compared to the linear combination of surfaces. This effect becomes even more pronounced at α = 120°, where polarization drops to zero just before 700 nm due to changes in the direction of the Stokes vectors when using a uniform surface. Additionally, the degree of linear polarization is significantly lower than in the Earth-like and ocean planet scenarios, and the spectral slope is steeper than in the more realistic models. When introducing a linear combination of wavelength-dependent surfaces, the level of polarization becomes more comparable to the Earth-like scenario. This finding suggests that polarization is more sensitive to planetary surface features than reflectance alone, particularly at large phase angles. Accurately modeling wavelength-dependent surfaces is essential for properly interpreting disk-integrated spectra of exoplanets. However, while this approach improves polarization estimates, the slope in the Rayleigh scattering region and the direction of the water absorption bands still do not fully match the realistic model. This indicates that horizontally patchy clouds alone are insufficient to accurately model polarization, especially at high phase angles. These results suggest that capturing inhomogeneities in both cloud and surface modeling will be crucial for interpreting observations from the next generation of telescopes. Moreover, polarization provides stronger diagnostic capabilities for distinguishing different planetary scenarios and resolving potential retrieval degeneracies.
In Fig. 6, we analyze the impact of increasing model complexity on reflected and polarized phase curves at three different wavelengths: λ = 500, 700, and 900 nm. Significant differences between the ocean and Earth-like scenarios emerge primarily in polarization, particularly at 700 and 900 nm. We observe an increase in polarization due to ocean glint, which exceeds the variability introduced by cloud properties in our models, as discussed in Roccetti et al. (2025). In reflected light, uniform surface simulations slightly overestimate planetary reflectance, especially at shorter wavelengths. This discrepancy is more pronounced in polarization, affecting the polarization peak associated with Rayleigh scattering (around α = 90°) at 700 and 900 nm. Moving from uniform clouds to horizontally patchy LW clouds on a uniform surface alters both the phase angle at which maximum polarization occurs and the prominence of the cloudbow feature. When introducing a linear combination of surfaces, we find improved agreement mostly in polarized light phase curves. However, the cloudbow feature remains substantially overestimated compared to the realistic 3D CG model without IW clouds. Additionally, including IW clouds generates polarization features at large phase angles (α = 138 and 158°), which result from ice crystal scattering properties, as explained in Emde et al. (2017). Overall, for λ = 700 and 900 nm, simplified polarized phase curves fail to reproduce the benchmark Earth-like and ocean models. These findings underscore the importance of accurately modeling 3D cloud inhomogeneities and subgrid variability when interpreting exoplanet phase curves, particularly in polarization. Our results suggest that distinguishing surface and atmospheric features using reflected light alone is more challenging than with polarization. However, in polarization, a homogeneous treatment of clouds and surface properties has a stronger impact on observational interpretation. This further emphasizes that polarization provides deeper insights into cloud properties than reflected light alone.
Since the next generation of telescopes and instruments, such as ANDES, will require long integration times to characterize rocky exoplanets, we examine in Appendix A the effect of time-averaging evolving cloud patterns over a typical 8-hour night of observation. In Figs. A.1 and A.2, we present the resulting impact on the spectra and phase curves for an ocean planet under different cloud scenarios: a uniform LW cloud layer (with cloud properties as in Sect. 3.2), the 3D CG model with a 1σ spread over 12 months, and an averaged model based on eight consecutive simulations, each using a distinct ERA5 cloud field as input to the 3D CG algorithm over an 8-hour period. This latter setup is designed to mimic the observation of an exoplanet over a single night, accounting for evolving weather patterns and changing scenery due to planet rotation. Our results show that even when cloud patterns are averaged over long integration times, the model predictions differ significantly from those based on a uniform cloud layer and closely resemble the results from the 3D CG 1σ spread model. This is because, even over extended integration periods, the instantaneous cloud distribution imprints its patchy structure on the reflected light. As a result, the ocean glint remains visible through cloud gaps at all times, and each timestep contributes to enhanced reflectance at small phase angles and increased polarization at large phase angles. Therefore, the resulting spectra and phase curves are not equivalent to those produced by a homogeneous, thinner cloud model.
	[image: thumbnail]	Fig. 5 Comparison among spectra in reflected (first row) and polarized light (second row) of models of different complexity, from fully homogenous to complex Earth as an exoplanet simulations. Different columns refer to different phase angles (α): 60, 90, 120°.



	[image: thumbnail]	Fig. 6 Reflected light (first row) and polarized light (second row) phase curves showing the influence of models of different complexities, from fully homogeneous to more complex Earth as an exoplanet simulations. Different columns refer to different wavelengths (λ): 500, 700, 900 nm.



4.4 Absorption lines in high spectral resolution
We extensively discussed the influence of cloud and surface modeling approaches on the continuum levels of reflected and polarized light spectra. Now, we investigate the impact of models of varying complexity, ranging from uniform to patchy cloud modeling and different surface types, on absorption lines. Specifically, we focus on two molecular species: the O2-A band around 780 nm and the H2O lines in the Y band (920–950 nm). We perform high-resolution simulations with a spectral resolution of 100 000, matching the expected capabilities of upcoming instruments on the ELT, such as ANDES.
Fig. 7 illustrates the effect of different cloud models (uniform, patchy LW clouds, patchy LW and IW clouds, and 3D CG simulations) over an ocean surface. In reflected light (please note the log scale), while the continuum is influenced by cloud modeling, the depth of the O2-A line forest remains unaffected. In polarization, however, we observe changes not only in the continuum, particularly at α = 120°, but also in the depth of the absorption lines, which appear in emission. Notably, within the O2-A band, the more saturated lines in reflectance remain unaffected by the choice of cloud model, while a more realistic treatment of clouds with the 3D CG lowers the polarization level of the emission lines, which are less saturated. This suggests that the conventional approach of retrieving cloud deck height using O2-A line depth (Stam 2008) is influenced by the presence of patchy clouds on a global scale.
We conduct the same comparison between uniform, patchy LW clouds, patchy LW and IW clouds, and 3D CG models for the H2O lines in the Y band, as shown in Fig. 8. Here, we observe that uniform and patchy clouds affect the continuum, increasing the continuum level in reflected light and lowering it in polarization compared to the 3D CG ground truth models at α = 90 and 120°. Additionally, we identify an interesting behavior in the spectral lines. In reflected light, discrepancies appear in the line depths, while in polarization, the water lines are seen in absorption relative to the continuum in the 3D CG model, while they appear in emission for the simplistic uniform and patchy cloud approaches. The addition of the IW clouds does not have a large impact on the absorption lines.
In Fig. 9, we assess the impact of different surface types on water lines. The 3D CG ocean and Earth-like models correspond to the spectra in Fig. 5, but here we use a spectral resolution of 100 000, focusing on the water band region. We observe that while the continuum is influenced by surface type, the water bands are shown in absorption for an ocean surface, while they appear in emission for a dry surface. This occurs because, in the Earth-like scenario, ocean glint is obscured by continents at large phase angles (see Roccetti et al. 2025). This effect becomes more pronounced at larger phase angles, with the line depth remaining nearly consistent across all molecular lines both in absorption and emission.
This behavior was previously discussed by Trees & Stam (2022) for low spectral resolution simulations and homogeneous models. Here, we confirm that it persists even in more sophisticated simulations that incorporate sub-grid cloud inhomogeneities within the 3D CG framework. Furthermore, we demonstrate that the choice of cloud simulation approach also influences this line behavior in polarization. Therefore, accurately modeling clouds and their complex 3D structure is crucial for potential observations and for reliably extracting surface information from water lines.
	[image: thumbnail]	Fig. 7 O2-A band in reflected (top row) and polarized light (bottom row) at a spectral resolution of R = 100 000. The absorption lines are modeled for an ocean planet with three cloud treatments: uniform, homogeneous, and 3D CG clouds. Different columns refer to different phase angles (α): 60, 90, 120°.



	[image: thumbnail]	Fig. 8 H2O absorption lines in the Y band in reflected (top row) and polarized light (bottom row) at a spectral resolution of R = 100 000. The absorption lines are modeled for an ocean planet with three cloud treatments: uniform, homogeneous, and 3D CG clouds. Different columns refer to different phase angles (α): 60, 90, 120°.



	[image: thumbnail]	Fig. 9 H2O absorption lines in the Y band in reflected (top row) and polarized light (bottom row) at a spectral resolution of R = 100 000. The absorption lines are modeled for an ocean and an Earth-like planet scenario with 3D CG clouds. Different columns refer to different phase angles (α): 60, 90, 120°.



5 Contrast estimates for the ANDES golden sample
In Fig. 10, we extend the ground-truth models for the ocean and Earth-like planet scenarios from Roccetti et al. (2025) into the NIR, up to 2500 nm. The figure illustrates that in reflected light, these two scenarios can be distinguished at small phase angles, where the Earth-like planet appears more reflective due to the high albedo of deserts, which is particularly significant in the NIR. In polarization, the distinction between the two scenarios becomes apparent at α = 90°, where water lines appear in absorption or emission depending on the underlying surface. This effect becomes even more pronounced at larger phase angles, further enhancing the diagnostic potential of polarized light.
With the enhanced cloud and surface modeling techniques presented in this work, we also provide updated flux contrast estimates for both intensity and polarization to support the preparation of future ground-based instruments, such as ANDES and PCS on the ELT, and space-based mission concepts like HWO. Using the scale factors for nearby exoplanets provided in Table 1, we refine the contrast estimates from previous studies (e.g., Pallé et al. 2025). It is important to note that rocky exoplanets orbiting M dwarfs are almost always tidally locked. Previous studies (e.g., Way et al. 2017; Kopparapu et al. 2017) have shown that tidal locking can result in atmospheric circulation and cloud patterns that differ significantly from those of Earth. In contrast, rocky exoplanets orbiting G-type stars, such as those targeted by HWO, are not expected to be tidally locked, and thus may exhibit more Earth-like cloud cover and distribution.
Pallé et al. (2025) presented a golden sample of rocky exoplanets around nearby M dwarfs to be characterized within a few observing nights with ANDES at the ELT. The reflected light contrast between the planet and the star is calculated using the maximum projected planet-star distance (i.e., when the planet is at α = 90°) and assuming an Earth-like albedo of 0.3. We now have the capabilities to provide improved reflected light contrast for this golden sample of exoplanets, assuming both an Earth-like and an ocean planet scenario. In Table 2, we provide our estimate of the contrast for the ANDES golden sample, with the addition of the newly discovered Barnard b exoplanet and a potential planet located at 1 AU orbiting Alpha Cen A.
We find that our contrasts are lower than the ones obtained by Pallé et al. (2025) by a factor of two, and that the flux and polarization contrasts between Earth-like and ocean planet scenarios are remarkably similar. For example, for Proxima b with a phase angle of 90°, Pallé et al. (2025) estimated a contrast of 11.2 × 10–8, while our calculated value is 5.8 × 10–8 for an Earth-like planet. This discrepancy arises from differences in reflectance estimation. Pallé et al. (2025) used planetary albedo estimates from Turbet et al. (2016), who simulated various possible climates and atmospheric states for Proxima b using a general circulation model (GCM). However, GCMs operate at relatively coarse grid resolutions, and when coupled with a 3D radiation scheme, they simulate planets with a lower spatial resolution than our approach.
The impact of spatial resolution on radiative transfer calculations has been previously highlighted by Robinson et al. (2011), who demonstrated that a minimum resolution of 100 pixels was necessary to achieve acceptable fits to EPOXI spacecraft data of Earth as an exoplanet. In Roccetti et al. (2025), we further explore how planetary reflectance varies with horizontal resolution. Specifically, when comparing our results to those of Turbet et al. (2016), who employed a 64 × 48 grid (closer to our zoom-out ×100 case), we find that our reflected light contrasts closely match theirs. Moreover, when applying the same zoom-out × 100 resolution to cloud modeling, our contrast estimates align closely with those from Pallé et al. (2025). This underscores the crucial role of horizontal resolution in obtaining accurate contrast predictions and reconciling model outputs with observations. Additionally, we find that Barnard b exhibits a higher contrast compared to the original five exoplanets in the golden sample presented in Pallé et al. (2025), reaching 1.2 × 10–7.
We also provide contrast estimates in polarization, which are approximately one-fifth of the flux contrast obtained with the 3D CG. While the lower contrast significantly impacts the planet’s detectability and characterization, polarization offers key advantages. It is largely unaffected by telluric contamination and enhances star-planet separation, as F-, G-, and K-type stars are expected to emit almost entirely unpolarized light. Moreover, when using a coronagraph, polarimetric techniques help suppress stellar speckles, as demonstrated with ZIMPOL (Hunziker et al. 2020), which is particularly beneficial at small angular separations (Beuzit et al. 2019).
	[image: thumbnail]	Fig. 10 Comparison among spectra in reflected (first row) and polarized light (second row) of the ocean and Earth-like planet scenarios for a M-dwarf star, for a wavelength range from 400 to 2500 nm. Different columns refer to different phase angles (α): 60, 90, 120°.



Table 2 
Refined contrast estimates for rocky exoplanets.

6 Discussion and conclusions
In this work, we build upon the improved cloud and surface modeling presented in Roccetti et al. (2025) to assess the importance of detailed cloud and surface properties in studying rocky exoplanets. Using the 3D radiative transfer model MYSTIC, with the same horizontal and vertical resolutions, we analyze how an improved treatment of clouds and surfaces affects reflected and polarized light spectra and phase curves. Additionally, our approach enables a comparison of the insights gained from combining spectroscopy and spectropolarimetry versus intensity-alone measurements for future observations of rocky exoplanets with ANDES and PCS at the ELT, as well as the mission concept HWO.
We compare the ground-truth models presented in Roccetti et al. (2025) on reflected and polarized light spectra and phase curves to those of homogeneous planet models and models of increasing complexity. Our analysis leads to several key findings:

	Polarization provides stronger diagnostic capabilities than intensity alone in distinguishing between cloud-free and cloudy exoplanets. The spectral slope and polarization fraction are highly sensitive to clouds, while the cloudbow feature offers valuable insights into cloud microphysical properties. Reflectance loses diagnostic power as phase angles increase, while polarization shows the opposite trend;


	A uniform surface fails to reproduce polarized spectra and phase curves, as well as reflected light spectra at large phase angles. Incorporating a linear combination of wavelength-dependent surface types significantly improves agreement with ground-truth spectra. Polarization spectra are particularly sensitive to surface properties, especially at large phase angles, both in the continuum and in water absorption lines;


	Simplified cloud treatments, such as homogeneous cloud models and single-layer clouds with averaged properties, introduce significant inaccuracies, even when attempting to mimic the effects of long observational averaging. Polarization phase curves are more sensitive to cloud properties, particularly through the cloudbow and ice crystals features, making them a crucial tool for cloud characterization;


	Water absorption lines in polarization appear in absorption when ocean glint is present and in emission for dry planets, as previously reported by Trees & Stam (2022) for homogeneous models. This behavior persists even at high spectral resolution (R = 100 000), confirming the potential of water lines as surface diagnostics. However, simplistic cloud models can alter the appearance of water lines, potentially affecting the interpretation of ocean detection on exoplanets;


	Using our ground-truth reflected and polarized light models for an Earth-like scenario, we calculate contrast estimates for the ANDES golden sample (Pallé et al. 2025), including Barnard b and a hypothetical Earth-like planet at 1 AU from Alpha Cen A. Compared to previous studies (Turbet et al. 2016; Pallé et al. 2025), our results show that reflected light contrast estimates are overestimated by a factor of two when using coarse horizontal resolution and simplified cloud and surface models. Additionally, we provide contrast estimates in polarization, which are approximately one-fifth of the reflected light flux contrast.




These findings strongly suggest that retrieval frameworks for reflected-light observations of rocky exoplanets should account for wavelength-dependent surface albedo properties and patchy cloud models. As shown by Wang et al. (2022), neglecting wavelength-dependent variations in surface albedo in retrieval frameworks can lead to substantially biased estimates of atmospheric and cloud properties. Notably, we demonstrate that a linear combination of just four surface types (ocean, desert, forest, and polar regions) achieves good agreement with complex ground-truth models, highlighting a practical approach for future retrievals. Additionally, our results reinforce the potential impact of polarization in exoplanet characterization. By combining polarization with intensity-only spectroscopy, we can enhance diagnostic capabilities, reduce retrieval degeneracies, and improve the characterization of surface and atmospheric properties. Additionally, finer spatial grid resolutions for radiative transfer calculations should be considered to avoid biases when comparing models with observations.
Future studies should assess the feasibility of polarized-light observations with next-generation telescopes, determining whether sufficient contrast can be achieved for robust exoplanet characterization. More broadly, our results demonstrate that homogeneous models fail to accurately represent Earth as an exoplanet, emphasizing the need for more advanced modeling approaches in the exoplanet community. Clouds play a crucial role in shaping observables, making their accurate treatment essential for reliable simulations. Both simplistic cloud treatments and low horizontal resolution in radiative transfer models significantly impact the accuracy of simulations, reinforcing the need for high-resolution, state-of-the-art models for meaningful comparisons with observations.
Ultimately, we demonstrate that polarization is a powerful tool for characterizing rocky exoplanets, distinguishing between different planetary scenarios both in the visible and NIR, and providing deeper insights into their physical and chemical properties. As future telescopes and missions become operational, incorporating these advanced modeling techniques will be crucial for interpreting observations and understanding the diversity of rocky exoplanets. Furthermore, our refined contrast estimates play a key role in instrument design and in precisely determining integration times.
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Appendix A  Cloud averaging over long integration times
To address the effect of time-averaging the planetary signal over long observational periods, we analyze how evolving cloud patterns influence the resulting spectra and phase curves. This consideration is particularly relevant for future instruments such as ANDES and PCS at the ELT, which will require extended integration times to characterize the golden sample exoplanets. Specifically, we selected one random date from the 12 ERA5 cloud fields used in Roccetti et al. (2025) to construct the 3D CG 1σ cloud spread model. For that date (2023.10.07) we extracted cloud fields from ERA5 at hourly intervals between 16:00 and 23:00 UT, which corresponds to the highest temporal resolution available in ERA5. Using these eight consecutive hourly cloud fields as inputs to the 3D CG model, we ran eight independent simulations. We then computed the average and 1σ spread of the resulting outputs, referring to this configuration as the time-averaged signal case. This model is compared against the standard 3D CG 1σ spread over 12 months and a uniform cloud model, as described in Sect. 3.2, but for an ocean surface. The impacts on the reflected spectra and phase curves are shown in Figs. A.1 and A.2, respectively.
We find that the time-averaged signal model (purple curve) closely resembles the 3D CG model (blue curve) across all tested spectra and phase curves. Minor discrepancies with the 3D CG arise because the time-averaged signal model incorporates cloud fields not only over the ocean, but also over different geographic regions during the 8-hour window, starting with the American continent and later extending over the Pacific ocean. These regional differences explain the observed deviations. Nevertheless, the uniform cloud model (black curve) fails to reproduce the results of the time-averaged signal model, showing significant discrepancies, particularly at large phase angles in reflectance (Fig. A.1, top-left panel), and in polarization, both in the spectral slope at α = 90° (bottom-center panel) and especially at large phase angles (bottom-right panel).
In the comparison of phase curves shown in Fig. A.2, we again observe some small deviations between the time-averaged signal model and the 3D CG model, as well as with the uniform cloud model. In reflectance, these differences are not strongly pronounced; however, we note an overestimation of the cloudbow feature with uniform clouds and an underestimation of the continuum level. In polarization (second row), the differences become much more significant. The cloudbow feature is substantially overestimated in the uniform cloud model. At wavelengths of 700 and 900 nm, the uniform model fails to reproduce the polarization continuum at phase angles greater than 90°, due to its inability to capture the specular reflection from the ocean glint, an effect that strongly polarizes light. In contrast, the time-averaged signal model still exhibits the ocean glint signature in the polarization continuum. This is because the patchy nature of the evolving cloud fields allows photons to reach the surface at all times, even under changing weather conditions.
Thus, even when averaging cloud coverage over long integration times, it is important to account for realistic cloud patchiness, as it has a significant impact on both reflected and polarized light signals, effects that cannot be replicated by homogeneous cloud models.
	[image: thumbnail]	Fig. A.1 Comparison among spectra in reflected (first row) and polarized light (second row) for an ocean planet with a uniform cloud layer (black curve), the 3D CG model with 1σ variability over 12 months (blue curve), and the time-averaged signal model simulating 8 hours of integration time (purple curve). Different columns refer to different phase angles (α): 60, 90, 120°.



	[image: thumbnail]	Fig. A.2 Reflected light (first row) and polarized light (second row) phase curves showing an ocean planet with a uniform cloud layer (black curve), the 3D CG model with 1σ variability over 12 months (blue curve), and the time-averaged signal model simulating 8 hours of integration time (purple curve). Different columns refer to different wavelengths (λ): 500, 700, 900 nm.
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      Table 1 

      Scale factor for exoplanets orbiting nearby M-type stars and a potential Earth-like planet around Alpha Cen A.

      
        


	Name
	SpecType (Teff)
	d (pc)
	θsep(mas)
	V (mag)
	Rp (R⊕)
	s





	Proxima Cen b
	M (2900 K)
	1.30
	37.3
	11.01
	1.07
	8.85 × 10–7



	Ross 128 b
	M (3163 K)
	3.37
	14.7
	11.12
	1.15
	9.79 × 10–7



	GJ 273 b
	M (3382 K)
	3.80
	24.0
	9.84
	1.64
	5.88 × 10–7



	Wolf 1061 c
	M (3309 K)
	4.31
	20.7
	10.10
	1.81
	7.48 × 10–7



	GJ 682 c
	M (3237 K)
	5.01
	16.0
	10.94
	2.11
	1.26 × 10–6



	Barnard b
	M (3195 K)
	1.83
	12.9
	9.51
	0.76
	1.88 × 10–6



	Alpha Cen A
	G (5804 K)
	1.34
	747
	0.01
	1.0
	1.82 × 10–9





      

    

  
    
      Fig. 1 

      
        [image: thumbnail]
      

      
        Reflected light (top row) and polarized light (bottom row) spectra for various homogeneous, cloud-free planets with different surface types. The wavelength-dependent spectral features of desert, forest, and polar surfaces are taken from HAMSTER (Roccetti et al. 2024) and modeled as Lambertian reflectors, while the ocean surface incorporates BRDF and BPDF treatments. Each column corresponds to spectra at different phase angles (α): 60, 90, 120°.

      

    

  
    
      Fig. 2 
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        Reflected light (top row) and polarized light (bottom row) phase curves showing homogeneous cloud-free planets. The wavelength-dependent spectral features of desert, forest, and polar surfaces are taken from HAMSTER (Roccetti et al. 2024) and modeled as Lambertian reflectors, while the ocean surface incorporates BRDF and BPDF treatments. Different columns refer to different wavelengths (λ): 500, 700, 900 nm.

      

    

  
    
      Fig. 3 
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        Reflected light (top row) and polarized light (bottom row) spectra for various homogeneous planets with different surface types and homogeneous clouds. The wavelength-dependent spectral features of desert, forest, and polar surfaces are taken from HAMSTER (Roccetti et al. 2024) and modeled as Lambertian reflectors, while the ocean surface incorporates BRDF and BPDF treatments. Each column corresponds to spectra at different phase angles (α): 60, 90, 120°.

      

    

  
    
      Fig. 4 
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        Reflected light (top row) and polarized light (bottom row) phase curves showing planets with homogeneous clouds and surfaces. The wavelength-dependent spectral features of desert, forest, and polar surfaces are taken from HAMSTER (Roccetti et al. 2024) and modeled as Lambertian reflectors, while the ocean surface incorporates BRDF and BPDF treatments. Different columns refer to different wavelengths (λ): 500, 700, 900 nm.

      

    

  
    
      Fig. 5 
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        Comparison among spectra in reflected (first row) and polarized light (second row) of models of different complexity, from fully homogenous to complex Earth as an exoplanet simulations. Different columns refer to different phase angles (α): 60, 90, 120°.

      

    

  
    
      Fig. 6 
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        Reflected light (first row) and polarized light (second row) phase curves showing the influence of models of different complexities, from fully homogeneous to more complex Earth as an exoplanet simulations. Different columns refer to different wavelengths (λ): 500, 700, 900 nm.

      

    

  
    
      Fig. 7 
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        O2-A band in reflected (top row) and polarized light (bottom row) at a spectral resolution of R = 100 000. The absorption lines are modeled for an ocean planet with three cloud treatments: uniform, homogeneous, and 3D CG clouds. Different columns refer to different phase angles (α): 60, 90, 120°.

      

    

  
    
      Fig. 8 
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        H2O absorption lines in the Y band in reflected (top row) and polarized light (bottom row) at a spectral resolution of R = 100 000. The absorption lines are modeled for an ocean planet with three cloud treatments: uniform, homogeneous, and 3D CG clouds. Different columns refer to different phase angles (α): 60, 90, 120°.

      

    

  
    
      Fig. 9 
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        H2O absorption lines in the Y band in reflected (top row) and polarized light (bottom row) at a spectral resolution of R = 100 000. The absorption lines are modeled for an ocean and an Earth-like planet scenario with 3D CG clouds. Different columns refer to different phase angles (α): 60, 90, 120°.

      

    

  
    
      Fig. 10 
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        Comparison among spectra in reflected (first row) and polarized light (second row) of the ocean and Earth-like planet scenarios for a M-dwarf star, for a wavelength range from 400 to 2500 nm. Different columns refer to different phase angles (α): 60, 90, 120°.

      

    

  
    
      Table 2 

      Refined contrast estimates for rocky exoplanets.

      
        


	
	Cflux[3D CG]
	Cflux[zoom-out]
	Cflux[Pallé et al. (2025)]
	Cpol[3D CG]



	Name
	Ocean
	Earth-like
	Ocean
	
	Ocean
	Earth-like





	Proxima Cen b
	5.69 × 10–8
	5.83 × 10–8
	9.01 × 10–8
	11.2 × 10–8
	1.15 × 10–8
	1.11 × 10–8



	Ross 128 b
	6.23 × 10–8
	6.45 × 10–8
	9.97 × 10–8
	12.5 × 10–8
	1.28 × 10–8
	1.23×10–8



	GJ 273 b
	3.78 × 10–8
	3.87 × 10–8
	5.98 × 10–8
	7.52 × 10–8
	0.77 × 10–8
	0.74 × 10–8



	Wolf 1061 c
	4.81 × 10–8
	4.93 × 10–8
	7.62 × 10–8
	9.57 × 10–8
	0.97 × 10–8
	0.94 × 10–8



	GJ 682 c
	8.09 × 10–8
	8.29 × 10–8
	12.8 × 10–8
	16.0 × 10–8
	1.64 × 10–8
	1.58 × 10–8



	Barnard b
	12.1 × 10–8
	12.4 × 10–8
	19.1 × 10–8
	
	2.44 × 10–8
	2.35 × 10–8



	Alpha Cen A
	1.17 × 10–10
	1.19 × 10–10
	1.85 × 10–10
	
	0.24 × 10–10
	0.23 × 10–10





      

      
Notes. We compare the ANDES golden sample with the addition of Barnard b with a potential Earth-like and ocean planet around Alpha Cen A. We compare the contrast estimates from Pallé et al. (2025) with our updated calculations using the 3D Cloud Generator (3D CG) in both reflected and polarized light. Additionally, we present contrast values obtained for an ocean planet with a coarser horizontal grid resolution (zoom-out x100) for comparison.




    

  
    
      Fig. A.1 

      
        [image: thumbnail]
      

      
        Comparison among spectra in reflected (first row) and polarized light (second row) for an ocean planet with a uniform cloud layer (black curve), the 3D CG model with 1σ variability over 12 months (blue curve), and the time-averaged signal model simulating 8 hours of integration time (purple curve). Different columns refer to different phase angles (α): 60, 90, 120°.

      

    

  
    
      Fig. A.2 
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        Reflected light (first row) and polarized light (second row) phase curves showing an ocean planet with a uniform cloud layer (black curve), the 3D CG model with 1σ variability over 12 months (blue curve), and the time-averaged signal model simulating 8 hours of integration time (purple curve). Different columns refer to different wavelengths (λ): 500, 700, 900 nm.
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