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A B S T R A C T

Accurate estimation of clear-sky surface longwave downward radiation (LWDR) is fundamental to surface energy 
budget studies, yet widely used parameterizations and conventional lookup-table (LUT) searches often suffer 
from regional biases and limited transferability. This study develops a scene-mapped LUT framework that 
operates in brightness-temperature (BT) space and uses surface temperature (ST) and total column water vapor 
(TCWV) as physical descriptors to define scene-specific subsets and constrain spectral matching to locally 
consistent surface–atmosphere states. Two implementations are proposed within the scene-mapped framework: 
S-Poly (polynomial regression) and S-LUT (sub-LUT distance search). Validation against multi-network ground 
measurements using MODIS inputs yielded RMSEs of 26.36 and 26.89 W m− 2 and biases of − 0.86 and 
− 2.75 W m− 2 for S-LUT and S-Poly, respectively. The corresponding RMSEs were lower than those of the global- 
LUT benchmark (29.26 W m− 2) and the evaluated general clear-sky parameterization benchmark (30.03 W m− 2), 
representing reductions of 12.2% and 10.5% relative to the latter. Both methods generally maintained stable 
accuracy across diverse surface types and climatic regions. S-LUT was more consistent across the evaluated 
configurations and achieved an RMSE of 22.48 W m− 2 under the mixed MODIS–ERA5 configuration. The flexible 
scene-mapping framework may also provide a useful methodological concept for adapting radiation retrieval to 
different sensors and exploring future extensions toward all-sky conditions.

1. Introduction

The longwave greenhouse effect regulates Earth's climate (Wang and 
Dickinson, 2013; Wild et al., 2013). Longwave downward radiation 
(LWDR) is a crucial component of Earth's surface energy balance and is 
pivotal for understanding climate change, as well as land surface, at
mospheric, and oceanic circulations (Liang et al., 2019; Lopes et al., 
2024; Stephens et al., 2012; Xu et al., 2026). With continuing ad
vances in Earth observation, satellite remote sensing has become an 
essential tool for regional and global LWDR estimation and long-term 
data production (Guo et al., 2024; Jiao and Mu, 2022; Zeng et al., 2024).

During the development of LWDR estimation methods, radiative 

transfer models (RTMs) have been widely employed owing to their 
rigorous physical basis (Berk et al., 2015; Vicent et al., 2020). However, 
their dependence on detailed atmospheric and surface inputs and 
repeated forward calculations constrains direct application to large- 
scale and long-term retrievals (Zhang et al., 2022). Lookup-table 
(LUT) methods precompute radiative transfer under various atmo
spheric and surface conditions using RTMs and store the results in LUTs, 
enabling rapid and accurate retrieval of LWDR without the need for 
repeated costly simulations (Liang et al., 2021; Servera et al., 2019). 
Thus, LUTs serve as an efficient surrogate to direct RTM calculations, 
balancing physical fidelity with computational efficiency. However, 
while LUT methods are highly efficient during the retrieval phase, their 
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construction phase remains computationally expensive (Servera et al., 
2019). The high dimensionality and substantial computational cost 
associated with these tables pose a critical bottleneck for algorithm 
development (Li et al., 2024; Vicent et al., 2020).

As the demand for LWDR estimation increased, simplified statistical 
approaches gradually became dominant, particularly parameterization 
schemes and machine learning techniques. Parameterization methods 
typically estimate atmospheric emissivity based on surface meteoro
logical observations, such as air temperature and humidity, applying the 
Stefan–Boltzmann law to compute LWDR (Idso, 1981; Prata, 1996). 
Their simplicity and computational efficiency have led to widespread 
adoption in global-scale applications (Cheng et al., 2017; Jiao and Mu, 
2022; Yu et al., 2022; Zhou et al., 2019). Nevertheless, these methods 
heavily depend on the spatial and temporal representativeness of 
training samples, exhibit variability across different models, and often 
suffer from limited transferability of regression coefficients across 
diverse climatic regions, thereby constraining their global applicability 
(Chauhan et al., 2025; Jiao and Mu, 2022; Pace et al., 2024). More 
recently, machine learning methods, including deep learning, have 
gained prominence in the remote sensing community by leveraging 
large-scale datasets to capture complex nonlinear relationships, thereby 
improving retrieval accuracy (Chauhan et al., 2025; Feng et al., 2020; 
Guo et al., 2024; Xu et al., 2026; Xu et al., 2022; Xu et al., 2023; Zhou 
et al., 2019; Zhu et al., 2022). However, these data-driven models 
generally lack physical interpretability and are highly sensitive to the 
representativeness of training data, making data dependency a critical 
bottleneck in LWDR estimation (Reichstein et al., 2019).

To overcome these challenges, hybrid methods have emerged as an 
effective solution. These methods integrate the physical accuracy of 
RTMs with the efficiency of statistical models, thereby enabling more 
reliable radiation retrieval under complex atmospheric conditions 
(Cheng et al., 2017; Liang et al., 2010; Tang and Li, 2008; Wang and 
Liang, 2009, 2010). By utilizing top-of-atmosphere (TOA) observations 
of brightness temperature (BT) or radiance, hybrid methods directly 
retrieve surface longwave radiation flux, effectively bypassing the error 
propagation typically associated with atmospheric parameter retrieval 
in traditional methods (Cheng et al., 2017). Recent studies have 
demonstrated the effectiveness of hybrid approaches for clear-sky LWDR 
retrieval by combining radiative-transfer simulations with satellite 
thermal-infrared observations and auxiliary atmospheric information 
(Jiao and Mu, 2022; Yu et al., 2022; Yu et al., 2019). In practice, such 
approaches use simulated or observational datasets to establish map
pings from multi-band TOA observations (typically radiances) to surface 
LWDR (Jiao and Mu, 2022; Zhou et al., 2019; Zhu et al., 2022). How
ever, as the number of possible channel and auxiliary-variable combi
nations increases, identifying stable and transferable mappings becomes 
increasingly challenging. Recent studies have further shown that LWDR 
estimation performance can be strongly dependent on atmospheric and 
surface conditions. Air-temperature inversions can substantially 
degrade the accuracy of commonly used clear-sky parameterization 
schemes (Cheng et al., 2020). In polar regions, clear-sky LWDR re
trievals and model evaluations have also revealed substantial perfor
mance differences across products and environmental conditions (Guo 
et al., 2024; Pace et al., 2024). Similar model dependence has been re
ported over complex high-elevation terrain in the Himalayas (Chauhan 
et al., 2025). Taken together, these findings suggest that globally fixed 
or weakly stratified retrieval relationships may not fully represent the 
diversity of atmospheric and surface states, motivating retrieval strate
gies that explicitly constrain the local physical state space.

In parallel, scene-classification approaches have been introduced to 
better account for regional and climatic diversity in longwave radiation 
retrieval. The Clouds and the Earth's Radiant Energy System (CERES) 
mission, for instance, employs Angular Distribution Models (ADMs) that 
stratify radiative anisotropy by scene type to convert measured radi
ances to TOA fluxes (Loeb et al., 2005; Loeb et al., 2007; Su et al., 2015). 
Building on this principle, Doelling et al. (2016) developed a radiance- 

based algorithm (RBA) to derive longwave fluxes from geostationary 
satellites. The RBA defines scenes using window and water-vapor 
channel radiances, viewing geometry, day–night separation, and auxil
iary parameters such as cloud cover and surface type, and is now widely 
applied in the CERES SYN1deg product chain. More recently, Li et al. 
(2024) advanced this concept by proposing the Multi-Dimensional Ma
trix MAPping (MDMAP) for outgoing longwave radiation (OLR) 
retrieval, which incorporates scene classification and differential ab
sorption principles to establish mappings between TOA BT observations 
and OLR. Conceptually, these scene-mapping approaches share a com
mon logic with LUT-based methods: both precompute and store large 
sets of radiative quantities through RTM simulations and subsequently 
reduce computational cost through efficient look-up operations. By 
balancing physical consistency with computational efficiency, such ap
proaches enable accurate radiative-flux estimation across a wide range 
of atmospheric and surface conditions. These studies provide precedents 
for scene-stratified radiative mapping and efficient look-up.

Building on the general principles of hybrid retrieval and scene 
classification, this study develops a new framework for surface LWDR 
estimation. Specifically, the proposed scene-mapped LUT strategy uses 
surface temperature (ST) and total column water vapor (TCWV) as 
physical descriptors of surface–atmosphere state (Cheng et al., 2017; 
Wang et al., 2023; Wang et al., 2020). By using these descriptors to 
define scene-specific subsets of the LUT and restricting the retrieval to 
the corresponding local state space, the framework constrains spectral 
matching to physically relevant surface–atmosphere conditions and re
duces the effective retrieval search space.

2. Data

2.1. Remote sensing observation data

(1) MODIS

MODIS sensors aboard the Terra and Aqua platforms provide high 
spatial resolution observations of surface and atmospheric parameters at 
the global scale (Toller et al., 2013). In this study, ten longwave spectral 
channels from the MODIS Level-1B radiance products MOD/MYD02SSH 
were selected as the primary inputs (Table 1). These products provide 
calibrated radiances subsampled to 5 km at nadir. Scene classification 
was performed using ST (from MOD11) and TCWV (from MOD05) as the 
primary stratification variables, with clear-sky conditions identified 
from MOD35 for the MODIS-only configuration (King et al., 2013; Wan, 
2014). ST from MOD/MYD06 (using only pixels with zero cloud frac
tion) was additionally used to facilitate comparison in Section 4.3 with 
existing LWDR products that adopt MOD/MYD06 as a unified ST input 
and to support global application, including over oceanic regions where 
MOD11 is unavailable. 

(2) CERES-SSF

Table 1 
MODIS channels used for simulations.

Band Bandwidth 
(μm)

Central 
wavelength 
(μm)

Required 
NE△T (K)

Primary use

27 6.535–6.895 6.770 0.25 Cirrus Clouds 
Water Vapor28 7.175–7.475 7.343 0.25

29 8.400–8.700 8.529 0.05 Cloud Properties
30 9.580–9.880 9.735 0.25 Ozone
31 10.780–11.280 11.012 0.05 Surface/Cloud 

Temperature32 11.770–12.270 12.033 0.05
33 13.185–13.485 13.365 0.25 Cloud Top 

Altitude34 13.485–13.785 13.684 0.25
35 13.785–14.085 13.912 0.25
36 14.085–14.385 14.196 0.35
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CERES Single Scanner Footprint (SSF) product provides footprint- 
level measurements and derived radiative flux products from CERES 
observations. The product includes geolocated radiative quantities 
together with viewing geometry, cloud properties, and surface param
eters for each CERES footprint. In this study, the Model B surface 
downward longwave flux was extracted from CERES-SSF. CERES-SSF is 
a well-established product for surface radiation studies, and its surface 
longwave flux algorithms have been extensively evaluated and applied 
in previous studies (Gupta et al., 2010). Because CERES and MODIS are 
carried on the same Terra platform, and MODIS scene information is 
incorporated into the CERES-SSF processing, the two datasets can be 
conveniently collocated for spatial comparison.

2.2. Reanalysis data

ERA5, produced by the European Centre for Medium-Range Weather 
Forecasts (ECMWF), provides hourly global atmospheric and surface 
parameters at 0.25◦ spatial resolution by assimilating satellite and in situ 
observations within a consistent modeling system, ensuring globally 
consistent and spatially complete coverage (Hersbach et al., 2020). In 
this study, ERA5 TCWV was used as an alternative scene-classification 
variable to evaluate the framework under a mixed-source input 
configuration.

2.3. Ground measurements

To ensure reliable validation of the LWDR retrievals, quality- 
controlled in situ measurements were collected from 109 land and 
ocean stations across six observation networks: AmeriFlux (Novick et al., 
2018), the Baseline Surface Radiation Network (BSRN) (Driemel et al., 
2018), the Tibetan Plateau Land–Atmosphere Interaction Observa
tional Network (TPLAI) (Ma et al., 2024), AsiaFlux (Yu and Hirano, 
2021), the Tropical Atmosphere Ocean (TOGA-TAO) array (Mangum 
et al., 1994), and OceanSITES (Cronin et al., 2023; Weller et al., 2022).

During station selection, duplicate and closely located stations were 
removed within and across the observation networks. This screening 
reduced redundant sampling of the same local area at the MODIS pixel 
scale. To reduce geographical clustering while preserving environ
mental diversity, densely distributed land-station candidates were 
spatially screened and sampled across Köppen climate zones (Beck et al., 

2018) and IGBP surface types (Friedl et al., 2010). For spatial colloca
tion, the nearest satellite pixel was assigned to each station, and only 
matchups with a station-to-pixel-center distance of no more than 7.5 km 
were retained.

Validation matchups were constructed at discrete valid MODIS 
overpasses, with one matchup retained for each station and valid 
overpass. Ground observations were matched directly to satellite over
pass times where possible; otherwise, values were interpolated from 
valid bracketing records. Network-provided quality flags were applied, 
and missing, invalid, or physically implausible LWDR observations were 
excluded. Together, these observations cover diverse climatic regions 
and surface types and provide an independent basis for evaluating the 
LWDR retrievals. Their geographical distribution is shown in Fig. 1.

2.4. Auxiliary data

The Thermodynamic Initial Guess Retrieval (TIGR) dataset (Chedin 
et al., 1985; Chevallier et al., 1998) provides a widely used set of at
mospheric profiles for radiative transfer applications. The profiles were 
constructed from radiosonde observations and subjected to strict quality 
control, offering a curated and diverse profile set that spans five air-mass 
categories and is widely used in radiative-transfer applications (Li et al., 
2024; Wang et al., 2020; Wang et al., 2012; Zheng et al., 2022). The 
dataset comprises 2311 atmospheric profiles, classified into five air mass 
categories: tropical, mid-latitude 1, mid-latitude 2, polar 1, and polar 2. 
Among them, 946 profiles correspond to clear-sky conditions and are 
commonly employed in radiative transfer simulations. To construct a 
representative subset for LUT simulations, atmospheric profiles were 
selected by jointly considering atmospheric bottom-layer temperature 
(T₀), TCWV, the vertical structures of temperature and water vapor, air- 
mass category, and temperature-inversion characteristics (Aires and 
Prigent, 2007; Cheng et al., 2020; Chevallier et al., 2000; Dupont 
et al., 2008; Zheng et al., 2022). This multidimensional selection 
resulted in 113 representative clear-sky TIGR profiles covering all five 
air-mass categories and a broad range of atmospheric conditions (Fig. 2
a–c).

The ECOSTRESS spectral library provides thousands of laboratory- 
measured emissivity spectra covering a broad range of natural and 
artificial materials, including vegetation, soils, rocks, minerals, water, 
snow and ice, and man-made surfaces, thereby supporting detailed 

Fig. 1. Global distribution of ground-based observation sites used for validation.
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characterization of surface thermal properties (Meerdink et al., 2019). 
Data from spectral libraries have been widely applied in studies of sur
face energy balance and radiative transfer (Lelli et al., 2023; Li et al., 
2024; Ru et al., 2023; Wang et al., 2024). The library covers approxi
mately 0.35–15.4 μm. Because it integrates spectra from multiple source 
libraries and instruments, the native spectral sampling varies among 
individual records. For LUT construction, 38 representative emissivity 
spectra were selected by considering major surface categories together 
with their MODIS-band response-weighted emissivity characteristics, 
while retaining spectrally distinct and extreme cases. The selected 
spectra span artificial materials, vegetation, rocks, soils, and water/ice/ 
snow surfaces, and their spectral diversity is illustrated in Fig. 2d.

3. Methods

3.1. MODTRAN-based simulation

The simulation database was generated using MODTRAN6 (Berk 
et al., 2015) to simulate clear-sky LWDR and corresponding top-of- 
atmosphere thermal radiances under diverse atmospheric, surface, and 
viewing conditions. The parameter settings for LUT construction are 
summarized in Table 2.

TCWV simulation nodes were adaptively defined for each atmo
spheric profile to balance radiative sensitivity and LUT size. The 
resulting profile-dependent TCWV sampling, constrained by the corre
sponding saturation limits, is shown in Fig. 3.

An independent validation dataset was generated using the simula
tion parameters listed in Table 3. Continuous variables were randomly 

sampled within the specified ranges, while all other parameters were 
consistent with Table 2 or retained at their default MODTRAN settings. 
Physically unrealistic cases, including supersaturated clear-sky condi
tions, were excluded.

3.2. Identification of the optimal channel subset

In LUT-based LWDR retrievals, increasing the number of BT channels 
does not necessarily yield monotonic improvements in accuracy (Tang 
and Li, 2008). Extra channels may increase dimensionality and redun
dancy without providing additional retrieval information. Therefore, an 

Fig. 2. Atmospheric-profile and surface-emissivity representation for LUT construction. (a) T₀–TCWV distribution of the 946 TIGR clear-sky profiles and the 113 
selected profiles. (b) Median and 5th–95th percentile ranges of temperature profiles. (c) Median and 5th–95th percentile ranges of vertical water-vapor distributions. 
(d) The 38 representative ECOSTRESS surface emissivity spectra.

Table 2 
MODTRAN parameter settings for simulating clear-sky LWDR LUT.

Parameters Setting

Viewing zenith angle 0◦, 11.5◦, 23◦, 33◦, 42◦, 48.5◦, 55◦, 60.5◦, 65◦

Atmospheric profiles 113 representative profiles selected from 946 clear-sky 
TIGR profiles

Surface emissivity 38 representative spectra from the ECOSTRESS spectral 
library

Land surface 
temperature (K)

ST ∈ [T₀ − 10 K, T₀ + 20 K] at 5 K intervals; extended to 
T₀ − 25 K or T₀ + 25 K for extreme profiles

Spectral setting 4–200 μm at 1 cm− 1

Aerosol (Default) Rural, VIS = 23 km
Water vapor (g/cm2) Profile-dependent adaptive nodes within the profile- 

specific saturation and physical limits; midpoint LWDR 
interpolation error ≤ 1 W m− 2

CO2 (ppm) 400
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optimal channel subset was selected by jointly considering retrieval 
accuracy and stability.

Candidate channel subsets were evaluated using a basic LUT 
retrieval scheme. The simulation database was divided into view zenith 
angle (VZ) bins, and for each query sample, the nearest neighbor was 
identified within the corresponding bin by minimizing a Mahalanobis 
distance in the selected BT subspace: 

d =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(
BTquery − BTref)TΣ− 1( BTquery − BTref)

√

(1) 

where Σ denotes the covariance matrix of the candidate channels. The 
LWDR of the nearest match was then assigned to the query. Retrieval 
performance was evaluated using three repeats of five-fold cross-vali
dation grouped by atmospheric profile, ensuring that samples derived 
from the same atmospheric profile were retained within the same fold. 
Channel combinations were refined in a forward–backward manner, and 
their performance and stability were evaluated across the different 
viewing angles and TIGR air-mass categories. This procedure identified 
BT29, BT31, BT32, and BT33 as the most informative and stable four- 
channel set.

3.3. Baseline LUT retrieval methods

The traditional LUT method estimates LWDR by searching for the 
most similar entries within a pre-constructed reference table, typically 
using Euclidean distance between the target record and LUT entries. 
This approach provides a straightforward mapping from satellite- 
observed variables to LWDR but relies heavily on the density and 
representativeness of the LUT, and brute-force search becomes compu
tationally prohibitive for large datasets. In this study, an efficient 
Euclidean distance search was implemented using KDTree, combined 
with feature standardization to balance the contributions of predictors 
with different scales.

Two traditional LUT-based configurations were evaluated. For 
clarity, they are denoted as T-Global (global search) and T-Cascade 
(cascade search). The retrieval settings were selected from candidate 
values based on retrieval accuracy and computational efficiency. 

(1) T-Global (Global Search)

In this variant, all predictors (VZ, ST, TCWV, and the BT of selected 
channels) are jointly included in a KDTree search. For each observation, 
a fixed number of nearest neighbors (60 in this study) are retrieved, and 
LWDR is estimated by inverse-distance weighted averaging, with the 
weights determined by distances in the selected BT space. 

(2) T-Cascade (Cascade search)

Inspired by scene-mapping, a KDTree search is first performed in the 
standardized angular and atmospheric dimensions (VZ, ST, and TCWV) 
to identify the 1200 closest LUT entries. A second KDTree search is then 
performed in the BT space, and the closest 5% of entries are retained. 
LWDR is estimated using the same inverse-distance weighting scheme as 
T-Global.

T-Cascade was included as an intermediate state-conditioned base
line. It introduces a soft scene constraint through fixed-size nearest- 
neighbor preselection in the VZ–ST–TCWV space, but, unlike the pro
posed scene-mapped methods, it does not construct an explicitly boun
ded local thermodynamic state space.

Fig. 3. Clear-sky LWDR responses to TCWV for representative atmospheric profiles. The TCWV range of each profile is constrained by its physical and satura
tion limits.

Table 3 
MODTRAN parameter settings for the validation dataset.

Parameters Setting

Viewing zenith angle VZ ∈ [0◦, 65◦]
Atmospheric profiles Randomly sampled from the remaining TIGR clear-sky 

profiles
Surface emissivity Randomly sampled from the remaining ECOSTRESS 

spectral library
Land surface temperature 

(K)
ST ∈ [T₀ − 15 K, T₀ + 15 K]

Water vapor (g/cm2) TCWV ∈ [0.004, min(8, profile saturation limit)]

Note: Values were randomly sampled within the specified ranges for simulation. 
Samples with input parameter combinations already used for LUT construction 
or parameter tuning were excluded from the validation dataset.
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3.4. Scene-mapping LWDR retrieval method

Surface LWDR is governed by coupled surface–atmosphere pro
cesses. To reduce ambiguity in spectral matching, scenes are defined by 
viewing geometry and thermodynamic state, and LWDR is retrieved 
within scene-constrained subsets of the LUT. The overall procedure is 
illustrated in Fig. 4.

For scene mapping, the TCWV dimension is represented by W =

ln(1 + TCWV), while TCWV remains the physical moisture descriptor. 

For each target pixel, VZ is first assigned to a discrete bin
[
VZL

i ,VZL
{i+1}

]
. 

To mitigate bin-edge effects and quantization mismatches, the search 
window is then expanded along the ST and transformed-TCWV di

mensions around the corresponding LUT bin centers 
(

STL
j ,WL

k

)
using 

asymmetric coefficients: 

STL ∈
[
STL

j − aST⋅ΔST, STL
j + bST⋅ΔST

]
(2) 

WL ∈
[
WL

k − aTCWV ⋅ΔW,WL
k + bTCWV ⋅ΔW

]
(3) 

where ΔST and ΔW define the reference scales along the ST and trans

Fig. 4. Workflow of the scene-mapping method for LWDR retrieval. Superscript L denotes LUT, while superscript T denotes target.
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formed TCWV dimensions, respectively, while aST, bST, aTCWV , and bTCWV 
are signed coefficients controlling their asymmetric expansion. Negative 
values shift the corresponding window boundary across the nominal ST 
or moisture-state bin center, allowing the search to adapt to asymmetric 
thermodynamic-state distributions. The coefficients are constrained to 
− 3 ≤ a, b ≤ 3 and 1 < a + b ≤ 3, ensuring a valid window width while 
limiting excessive expansion. This yields a scene-specific candidate 
subset L{i,j,k}that is physically consistent with the target pixel.

In practice, ΔST and ΔW were determined by jointly considering the 
sampling characteristics of the simulated LUT, retrieval performance, 
and the resulting sub-LUT size in parameter-sensitivity tests. Since the 
actual search range is further adjusted by the asymmetric expansion 
coefficients, ΔST = 5 K and ΔW = 0.20 were adopted as the reference 
scales in this study. For LUTs with non-uniform sampling, the effective 
search range can be further adapted to the local sampling density, for 
example by determining the expansion coefficients separately for 
different sampling regimes.

The asymmetric expansion is controlled by coefficient pairs {aST , 
bST} and {aTCWV , bTCWV}. Their optimal values were determined through 
a three-stage iterative search (coarse grid with step size 2: {− 3,− 1,1,3}; 
integer neighborhood around the optimum: {opt− 1, opt, opt+1}; half- 
step refinement: {opt− 0.5, opt, opt+0.5}), with iterations proceeding 
under these constraints until the minimum RMSE is reached. Although 
smaller step sizes could in principle further improve precision, the 
current step size already provides a balanced compromise between ef
ficiency and accuracy.

After scene mapping, LWDR retrieval is restricted to a smaller LUT 
subset representing similar surface–atmosphere conditions, thereby 
reducing cross-scene ambiguity. Target pixels assigned to the same 
VZ–ST–TCWV scene are processed jointly in matrix form, avoiding 
repeated pixel-wise operations and enabling efficient batch retrieval for 
both scattered observations and full images. Two implementations of the 
scene-mapping framework were tested. For clarity, they are denoted as 
S-Poly (polynomial regression) and S-LUT (sub-LUT distance search): 

(1) S-Poly (polynomial regression)

Within each scene-specific subset, S-Poly establishes statistical re
lationships between channel BTs and LWDR. The framework can 
accommodate different polynomial formulations depending on the 
application, while a first-order form is adopted in this study to balance 
retrieval accuracy and computational efficiency. LWDR is therefore 
expressed using the selected BT channels as predictors: 

LWDR = d0(VZ, ST,TCWV)+Σxi dxi (VZ, ST,TCWV)⋅BTxi (4) 

where d₀ is the scene-dependent intercept and dᵢ are the regression co
efficients for each BT channel. BTxi denotes the BT of the specified 
spectral channel. 

(2) S-LUT (Sub-LUT distance search)

Within each scene-specific LUT subset, S-LUT identifies the closest 
entries to the target observations in the selected BT space using KDTree. 
The nearest 15% are retained, and their LWDR values are combined 
using inverse-distance weighting. The neighbor proportion was selected 
from candidate settings based on retrieval accuracy and stability.

3.5. General clear-sky parameterization models

Under clear-sky conditions, LWDR is typically estimated using 
parameterization models that establish empirical or semi-empirical re
lationships with satellite-observed thermal radiances, ST, TCWV, and 
related variables. Following the comparative evaluation of representa
tive clear-sky LWDR models by Jiao and Mu (2022), three well- 
performing parameterizations were selected as benchmarks to enable 

a consistent comparison with the retrieval methods evaluated in this 
study. 

(1) Wang2023 general parameterization

This generalized approach replaces radiance combinations with only 
two predictors: ST and TCWV. By using polynomial terms of logarithmic 
functions of TCWV, the model accounts for nonlinear absorption effects 
of water vapor (Wang et al., 2020). The formulation is: 

LWDR = A0 +A1 × STa0 × ln(1 + TCWV)a1 +A2

× ln(1 + TCWV)a2 +A3 × ln(1 + TCWV)a3
(5) 

where Ai, ai are empirically determined regression coefficients. The 
latest coefficient set reported by Wang et al. (2023) was adopted in this 
study. 

(2) Tang2008 linear radiance-based model

This model applies a linear combination of several MODIS TIR 
channel radiances to estimate LWDR (Tang and Li, 2008). The regression 
coefficients are predefined for different VZ and surface elevations, 
typically organized in the form of a look-up table. Its formulation is: 

LWDR = b0 + b28L28 + b29L29 + b31L31 + b33L33 + b34L34 + b36L36 (6) 

where Li represents the TOA spectral radiance of MODIS band i, and bi 
denotes the corresponding regression coefficient. The coefficients vary 
with VZ and surface elevation and are adopted from Jiao and Mu (2022). 

(3) Wang2009 nonlinear radiance-based model

This model extends the linear form by incorporating surface air 
temperature (expressed through thermal radiance) and several 
nonlinear terms of MODIS TIR channels (Wang and Liang, 2009). Sur
face elevation is also included to reflect pressure effects, with co
efficients varying by viewing geometry. The model can be written as: 

LWDR = LTair

(

c0 + c1L27 + c2L29 + c3L33 + c4L34

+ c5

(
L32

L31

)

+ c6

(
L33

L32

)

+ c7

(
L28

L31

)

+ c8H
) (7) 

where Lᵢ denotes the radiance of channel i, LTair represents air temper
ature expressed in radiance units, and H is surface elevation in kilo
meters. LTair was approximated by L32 during daytime and L31 at night. 
The coefficients c0–c8 are adopted from Jiao and Mu (2022).

4. Results

4.1. Validation against simulated data

The four LUT-based retrieval variants were first evaluated using the 
MODTRAN-simulated dataset described in Section 3.1. The four 
methods apply different levels of constraint to the LUT search. T-Global 
searches the full LUT. T-Cascade serves as an intermediate benchmark 
between global search and explicit scene mapping. It first limits the 
candidate set using VZ, ST, and TCWV. However, it does not construct 
the explicitly bounded scene windows used by S-LUT and S-Poly.

All methods show close agreement with the simulated LWDR refer
ence (Fig. 5), with R values ranging from 0.987 to 0.989. The scene- 
mapping methods achieve lower retrieval errors than the two baseline 
LUT approaches. S-Poly performs best, with an RMSE of 13.10 W m− 2, 
followed by S-LUT with 13.80 W m− 2, compared with 14.50 and 
14.80 W m− 2 for T-Cascade and T-Global, respectively. The scene- 
mapping methods also substantially reduce systematic bias, with bia
ses of 0.56 W m− 2 for S-Poly and 0.16 W m− 2 for S-LUT, compared with 
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− 3.08 and − 2.34 W m− 2 for T-Cascade and T-Global. T-Cascade reduces 
RMSE by 2.0% relative to T-Global, but the magnitude of its negative 
bias increases. Relative to T-Cascade, S-LUT and S-Poly reduce RMSE by 
4.8% and 9.7%, respectively. Their absolute biases decrease by 94.8% 
and 81.8%, respectively. This stepwise comparison indicates that 
explicit scene mapping provides added value beyond cascade 
preselection.

To further examine the robustness of the retrieval strategies, syn
thetic perturbations of increasing magnitude were added to the BT in
puts (Fig. 6). Retrieval accuracy gradually decreases with increasing 

perturbation for all four methods, but the scene-mapping approaches 
consistently outperform the traditional LUT methods. S-Poly maintains 
the lowest RMSE and highest correlation across all tested perturbation 
levels, while S-LUT consistently provides the second-best performance. 
T-Cascade retains lower RMSE and higher correlation than T-Global at 
all perturbation levels. However, it remains less accurate than S-LUT and 
S-Poly.

The two scene-mapping implementations nevertheless exhibit 
different responses to increasing BT perturbations. S-LUT shows the 
smallest increase in RMSE across the tested range, indicating greater 

Fig. 5. Validation of LWDR retrieval methods against MODTRAN-simulated data: (a) T-Global, (b) T-Cascade, (c) S-LUT, and (d) S-Poly.

Fig. 6. Impact of synthetic BT noise on the retrieval performance of the four LUT-based methods. Correlation (a), bias (b), and RMSE (c) are evaluated under noise 
factors of 0, 1, 3, and 5.
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robustness to BT perturbations, whereas S-Poly provides the highest 
absolute retrieval accuracy throughout the experiment. Both scene- 
mapping methods also maintain small and stable biases as perturba
tion increases. These results suggest complementary characteristics of 
the two implementations: S-Poly favors retrieval accuracy, whereas S- 
LUT provides greater stability against increasing BT uncertainty.

Additional sensitivity tests showed that, within realistic auxiliary- 
data uncertainty ranges, errors in ST and TCWV did not lead to sub
stantial nonlinear amplification of the final LWDR retrieval error. The 
scene-mapping methods also maintained stable retrieval accuracy under 
low-level temperature-inversion conditions, with only moderate in
creases in retrieval error as inversion strength increased.

4.2. Validation against ground-based observations

4.2.1. Overall retrieval performance
The retrieval strategies were further evaluated against ground-based 

LWDR measurements to assess their performance under actual satellite 
observations (Fig. 7). In this evaluation, all radiances and BTs were 
consistently obtained from MOD02SSH. ST and TCWV were obtained 
from MOD11 and MOD05, respectively. For comprehensive comparison, 
three clear-sky parameterization models described in Section 3.5
(Tang2008, Wang2009, and Wang2023) were also included.

R values remain consistently high across all methods, ranging from 
0.95 to 0.96. Parameterization models show larger retrieval errors and 
generally stronger negative biases. Wang2009 yields an RMSE of 
31.28 W m− 2 and a bias of − 7.54 W m− 2. Tang2008 produces an RMSE 
of 29.81 W m− 2 but shows the largest underestimation, with a bias of 
− 13.07 W m− 2. Wang2023 yields an RMSE of 30.03 W m− 2 and a bias of 
− 4.17 W m− 2. The traditional LUT methods provide moderate im
provements, with RMSEs of 29.26 W m− 2 for T-Global and 28.66 W m− 2 

for T-Cascade. The scene-mapping methods achieve the lowest overall 
errors. S-LUT performs best, with an RMSE of 26.36 W m− 2 and a bias of 
− 0.86 W m− 2, followed by S-Poly with an RMSE of 26.89 W m− 2 and a 
bias of − 2.75 W m− 2. Relative to Wang2023, S-LUT and S-Poly reduce 
RMSE by approximately 12.2% and 10.5%, respectively. These results 
indicate that incorporating scene-mapping improves overall retrieval 
accuracy and reduces systematic bias under real observational 
conditions.

4.2.2. Performance across surface types and climatic regions
Across different land-cover categories, the retrieval strategies exhibit 

distinct strengths (Fig. 8). Parameterization models exhibit systematic 
underestimation, most notably Tang2008, while Wang2023 shows 
relatively better performance but still suffers from significant negative 
biases over snow and ice surfaces. Such parameterizations can perform 
differently across seasons and regions; their simplified functional forms 
may partly contribute to this variability (Trigo et al., 2010). In contrast, 
LUT-based approaches generally outperform parameterization schemes 
by leveraging radiative transfer–based lookup tables, thereby reducing 
systematic biases and confining RMSE to below ~30 W m− 2 for most 
land cover types.

Although the relative ranking varies among individual land-cover 
classes, the LUT-based methods generally maintain stable performance 
across different surface types. Within this group, the scene-mapping 
methods achieve lower RMSEs and smaller biases for most land-cover 
classes. Their advantages are particularly evident over urban and 
built-up areas, snow and ice, and barren or sparsely vegetated surfaces. 
S-LUT shows especially low errors over snow and ice and barren sur
faces, whereas S-Poly performs slightly better over several vegetation- 
dominated classes, including forests and shrublands. Moreover, while 
differences in R values are generally small across most land covers, the 
scene-mapping methods also maintain comparatively high correlations 
across the majority of surface classes.

As shown in Fig. 9, retrieval performance exhibits distinct regional 
and latitudinal contrasts. In low-latitude regions, S-LUT and S-Poly 

achieve RMSEs of 32.2 and 33.0 W m− 2, respectively, compared with 
34.8 W m− 2 for Wang2023 and 36.0–38.1 W m− 2 for the other methods. 
S-Poly shows the smallest bias in this region, at 0.6 W m− 2. In mid- 
latitude regions, S-LUT and S-Poly achieve RMSEs of 23.9 and 
23.3 W m− 2, respectively, which are lower than those of both traditional 
LUT methods and the three parameterization models.

In the polar regions, all models display pronounced negative biases, 
highlighting the persistent challenge of longwave retrieval under cold, 
dry, and radiatively weak conditions. Very low atmospheric moisture 
and complex surface–atmosphere thermal structures increase the diffi
culty of LWDR retrieval under these conditions. Nevertheless, the scene- 
mapping approaches remain comparatively stable. S-Poly achieves the 
lowest RMSE of 30.1 W m− 2, followed by Wang2009 at 30.5 W m− 2 and 
S-LUT at 30.9 W m− 2. The relatively similar performance among several 
methods indicates that polar retrieval remains challenging for all 
approaches.

On the Tibetan Plateau, known as the “Third Pole” with high 
elevation and complex climate, retrieval remained challenging for all 
methods. Even so, S-LUT achieves the lowest RMSE of 32.4 W m− 2, 
followed by Wang2023 at 33.6 W m− 2 and S-Poly at 34.5 W m− 2. T- 
Global shows the largest RMSE among the LUT-based approaches, 
reaching 40.8 W m− 2. The scene-mapping methods therefore remain 
among the better-performing approaches across the tested regions, 
although polar and high-elevation retrieval remains challenging.

4.2.3. Spatial distribution and retrieval consistency
Fig. 10 further compares the spatial distributions of the seven 

retrieval methods over a representative MODIS scene. The collocated 
CERES-SSF Model B observations provide an independent satellite 
reference for the same scene. Because CERES-SSF has a substantially 
larger footprint than MODIS, its spatial sampling is coarser and sparser. 
Nevertheless, the broad LWDR distribution represented by CERES-SSF is 
consistent with the main regional patterns reproduced by the MODIS- 
based retrievals.

At the common 5-km MODIS grid, the retrieved LWDR fields retain 
spatial textures related to the underlying satellite inputs, including the 
BT, ST, and TCWV distributions. The four LUT-based methods reproduce 
similar regional structures, while differences appear mainly in the finer- 
scale spatial variability. S-LUT and S-Poly show relatively continuous 
distributions, whereas T-Global and T-Cascade exhibit somewhat 
stronger local variation. Wang2023 also captures the main regional 
gradient, with a smoother spatial pattern that is consistent with its 
dependence on ST and TCWV.

More pronounced horizontal striping is visible in the Tang2008 and 
Wang2009 retrievals. Similar scan-line-correlated structures are also 
present in several native MOD02SSH radiance channels used by these 
implementations (Fig. 11), indicating that the Level-1B inputs 
contribute substantially to the retrieved patterns. Tang2008 directly 
combines multiple TOA radiances with coefficients of different signs, 
while Wang2009 further includes radiance products and ratios. Small 
band-dependent variations in the Level-1B radiances can therefore 
propagate through these empirical formulations and become more 
visible in the retrieved LWDR. This behavior is particularly associated 
with the radiance patterns in L34 for Tang2008 and in L27 and L34 for 
Wang2009. The observed striping is therefore more appropriately 
interpreted as the combined effect of the native radiance structure, the 
adopted model formulations, and the specific scene, rather than as an 
intrinsic limitation of the original Tang and Li (2008) or Wang and Liang 
(2009) algorithms.

4.3. Impact of input data sources on retrieval performance

Several existing products have been developed using the scheme of 
Wang et al. (2023) and Wang et al. (2020) as an intermediate or final 
component, most of which employ ERA5 TCWV together with MODIS- 
derived ST (Du et al., 2025; Du et al., 2024; Letu et al., 2022). To 
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Fig. 7. Validation of LWDR retrieval methods against ground-based observations using MODIS data: S-LUT (a), S-Poly (b), T-Global (c), T-Cascade (d), Wang2009 
(e), Tang2008 (f), and Wang2023 (g), with an overall comparison of R, bias, and RMSE across the seven methods (h).
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ensure consistency with these applications and to evaluate the adapt
ability of the new framework under mixed-source conditions, the same 
ERA5–MODIS mixed-source configuration (BTs derived from MOD/ 
MYD02SSH, ST from MOD/MYD06, and ERA5 TCWV) was adopted for 
validation (Fig. 12).

Under the mixed-source configuration, S-LUT achieves the lowest 
RMSE of 22.48 W m− 2, with a bias of 0.52 W m− 2. Wang2023 also re
mains highly competitive, with an RMSE of 23.29 W m− 2 and a bias of 
0.50 W m− 2. S-Poly yields an RMSE of 24.13 W m− 2 and a bias of 
− 0.51 W m− 2. Its slightly larger RMSE is mainly associated with 
increased dispersion in the low-LWDR range. This may reflect both the 
limited flexibility of the current first-order polynomial mapping under 
these conditions and the still limited representation of cold–dry polar 
states in the LUT. Thus, S-LUT, S-Poly, and Wang2023 all show small 

systematic biases, although their overall errors differ. The traditional 
LUT methods, T-Global and T-Cascade, produce RMSEs of 26.94 and 
26.11 W m− 2 and biases of − 6.09 and − 5.78 W m− 2, respectively. Their 
stronger negative biases, particularly in the low-LWDR range, also 
suggest that the current LUT does not yet fully represent extreme 
cold–dry atmospheric states. S-LUT therefore achieves the lowest 
retrieval error under the mixed-source configuration.

The scene-mapping framework uses ST and TCWV primarily as scene 
constraints to restrict retrievals to locally consistent atmospheric–sur
face states. ERA5 TCWV provides a useful large-scale moisture 
constraint, but its coarse spatial resolution may smooth local humidity 
gradients. When the scene window is expanded around this smoothed 
moisture state, the constraint may become less specific and include a 
broader range of atmospheric conditions. Despite this limitation, the 

Fig. 8. Performance comparison of seven LWDR retrieval methods across different land-cover types in terms of R, bias, and RMSE.
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results show that the framework remains applicable under the mixed- 
source configuration. The expansion settings used here were not spe
cifically optimized for the ERA5–MODIS configuration. For applications 
using different auxiliary data sources, the scene-window parameters can 
be tuned using independent parameter-tuning samples to account for 
their spatial resolution and uncertainty characteristics without changing 
the overall retrieval framework.

The ocean subset was further evaluated to examine retrieval per
formance under relatively homogeneous surface conditions (Fig. 13). 
Over ocean, the relatively uniform surface emissivity reduces surface- 
related variability, making LWDR more closely associated with atmo
spheric moisture conditions. This is particularly relevant to the mixed- 
source configuration used here, in which ERA5 TCWV provides the 
primary constraint on atmospheric moisture state. All three methods 
show clear agreement with the ground measurements, although sys
tematic underestimation remains at higher LWDR values. S-LUT ach
ieves the lowest RMSE and the smallest absolute bias, while S-Poly 
shows the highest correlation. Wang2023 yields an RMSE close to that of 
S-Poly. Compared with Wang2023, S-LUT reduces RMSE by about 7.6%, 
indicating that the scene constraint can provide additional benefit even 
when ERA5 TCWV already supplies a strong large-scale moisture-state 
constraint.

A footprint-scale intercomparison was further conducted using 
collocated CERES-SSF Model B clear-sky LWDR for a Terra overpass on 
28 April 2018 (Fig. 14). To account for the different spatial resolutions, 
the MODIS-based retrievals were aggregated to each CERES footprint 
using the CERES point spread function (PSF) as spatial weights. Only 
footprints jointly valid for CERES-SSF and all three retrieval methods 
were retained. The spatial distributions show that S-LUT, S-Poly, and 
Wang2023 closely reproduce the along-track LWDR variations repre
sented by CERES-SSF. The footprint-scale comparisons also show strong 
consistency, with R = 0.99 for all three methods. S-Poly shows the 
smallest RMSE and bias relative to CERES-SSF, followed by S-LUT, while 
Wang2023 also maintains close agreement. Positive retrieval-minus- 
CERES biases are observed for all three methods, whereas much 
smaller biases are obtained against ground observations under the same 
mixed-source configuration. CERES-SSF Model B has also been reported 
to underestimate clear-sky downward longwave flux (Kratz et al., 2020). 
The CERES-SSF comparison is therefore used primarily as a comple
mentary assessment of footprint-scale spatial consistency.

5. Discussion

5.1. Use of brightness temperature instead of radiance in statistical 
retrievals

Many satellite statistical and hybrid approaches that directly use 
TOA thermal observations have traditionally been formulated in radi
ance space, where radiance is both the direct radiative-transfer quantity 
and a standard Level-1B sensor product.

In contrast to traditional radiance-based algorithms, this study 
adopts BT as the primary input variable because it provides a physically 
interpretable Kelvin-scale representation of calibrated thermal-band 
radiance. For each MODIS thermal band, BT was defined from the 
SRF-integrated Planck relationship using the corresponding band- 
specific SRF (Berk, 2008). The same SRFs were used in the MODTRAN 
simulations. Under this band-specific definition, the radiance-to-BT 
transformation is deterministic and numerically reversible. It therefore 
preserves the radiometric information content. This temperature- 
domain representation also facilitates future multi-sensor extensions, 
particularly the joint use of thermal-infrared and passive-microwave 
observations (Chen et al., 2022), but their applicability to LWDR re
mains to be tested. Accordingly, the reversibility discussed here is sensor 
specific; extension to other sensors would require their sensor-specific 
SRFs and corresponding radiative-transfer simulations.

5.2. Supplementary validation using machine learning

As a supplementary validation, a machine-learning benchmark was 
introduced to examine whether global tree-ensemble mappings without 
explicit scene constraints could match or surpass the proposed frame
work when using the same predictor set. Four representative tree- 
ensemble models were evaluated: XGBoost, LightGBM, ExtraTrees, 
and Random Forest (Breiman, 2001; Chen and Guestrin, 2016; Geurts 
et al., 2006; Ke et al., 2017). Random Forest provides a classical and 
widely adopted bagging-based baseline, while ExtraTrees applies 
stronger randomization during tree construction. XGBoost represents a 
high-performing gradient-boosting method, and LightGBM provides a 
computationally efficient gradient-boosting implementation.

All four models were developed using the MODTRAN-based LUT 
described in Section 3.1. The predictors were VZ, ST, TCWV, and the 
simulated MODIS BTs of bands 29, 31, 32, and 33. Simulated LWDR was 
used as the target variable. The LUT samples were randomly divided 
using a fixed random seed (random_state = 42), with 85% used for 

Fig. 9. Bias (a) and RMSE (b) of different retrieval strategies across four regional groups.
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model training and 15% used for internal validation. Each model was 
tuned separately using the same training–validation split, and its 
hyperparameters were selected according to performance on the inter
nal validation set.

After model development, the four trained models were indepen
dently evaluated using actual MODIS observations and ground-based 
LWDR measurements under the same MODIS-only input configuration 
as in Section 4.2. Specifically, BTs were obtained from MOD02SSH, ST 
from MOD11, and TCWV from MOD05, while the station measurements 
served as the LWDR reference. The ground-based matchup data were not 
used for model training or hyperparameter selection.

Under this independent observational evaluation, the four machine- 
learning models achieved R values of 0.94–0.96, biases of − 5.46 to 
− 3.33 W m− 2, and RMSEs of 28.09–32.28 W m− 2 (Fig. 15). LightGBM 
achieved the lowest RMSE among the machine-learning models, with 
R = 0.96, a bias of − 3.33 W m− 2, and an RMSE of 28.09 W m− 2. XGBoost 
and ExtraTrees produced similar RMSEs of 28.34 and 28.42 W m− 2, 

respectively, whereas Random Forest produced the largest RMSE of 
32.28 W m− 2.

Although the four tree-ensemble models provide reasonably accurate 
LWDR retrievals using the same predictors, their performance remains 
lower than that of the scene-mapping approaches under the same 
MODIS input configuration (Fig. 7). S-LUT and S-Poly achieve lower 
RMSEs than all four machine-learning models, while S-LUT also pro
vides better control of systematic bias. These results suggest that 
restricting the retrieval to locally consistent surface–atmosphere states 
offers additional benefits over the tested data-driven models using the 
same input variables.

6. Conclusion

This paper introduces a scene-mapped LUT framework for clear-sky 
LWDR retrieval directly from brightness temperatures. The framework 
uses ST and TCWV to define scene-specific LUT subsets, thereby 

Fig. 10. Spatial comparison of MODIS inputs, clear-sky screening, LWDR retrievals, and CERES-SSF observations at 21:35 UTC on 4 December 2018.
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restricting spectral matching to locally consistent surface–atmosphere 
states. Two implementations, S-LUT and S-Poly, were developed, and 
independent simulation validation confirmed their stable and reliable 
retrieval performance.

Under MODIS-based validation, S-LUT and S-Poly achieved RMSEs of 
26.36 and 26.89 W m− 2, with biases of − 0.86 and − 2.75 W m− 2, 
respectively, outperforming both representative clear-sky parameteri
zation models and traditional LUT-based approaches. Relative to 

Fig. 11. Spatial distributions of the MODIS TOA radiance channels used by Wang2009 and Tang2008.

Fig. 12. Mixed-source validation of LWDR retrievals for S-LUT (a), S-Poly (b), T-Cascade (c), T-Global (d), and Wang2023 (e), using MOD/MYD06-derived ST and 
ERA5 TCWV.
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Wang2023, their RMSEs were reduced by approximately 12.2% and 
10.5%. Under the mixed MODIS–ERA5 configuration, S-LUT again 
achieved the lowest RMSE of 22.48 W m− 2, compared with 23.29 W m− 2 

for Wang2023 and 24.13 W m− 2 for S-Poly. Considering the results 
across the tested input configurations, S-LUT shows more consistent and 
stable performance and is therefore recommended as the preferred 
implementation for practical retrieval. S-Poly also performs well, but its 
local regression is more sensitive to the representativeness of scene- 
specific samples and may become less stable near sparsely sampled 
state-space boundaries. This limitation may become more apparent 
under extreme cold–dry conditions, particularly in the polar regions and 
over the Tibetan Plateau. The limited representation of such conditions 
in the current TIGR-based LUT therefore remains an important source of 

uncertainty, motivating further enrichment of cold–dry atmospheric 
profiles and refinement of moisture constraints under very low-TCWV 
conditions.

Overall, the proposed approach provides an accurate, efficient, and 
physically interpretable solution for clear-sky LWDR estimation. 
Although the present implementation focuses on clear-sky conditions, 
the scene-mapping architecture is not inherently restricted to clear skies. 
By incorporating cloud properties as additional scene descriptors with 
corresponding radiative-transfer simulations, the framework has the 
potential to be extended to cloudy-sky retrieval. Its flexible scene defi
nition and brightness-temperature-based implementation may also 
facilitate adaptation to different sensors and input configurations, 
providing a potential basis for the synergistic use of thermal infrared and 

Fig. 13. Ocean-specific validation of LWDR retrievals under the mixed-source configuration.

Fig. 14. Footprint-scale intercomparison of mixed-source LWDR retrievals with collocated CERES-SSF Model B clear-sky LWDR on 28 April 2018.
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microwave observations. Building on the clear-sky foundation estab
lished here, future work will focus on the development of cloudy-sky and 
ultimately integrated all-sky LWDR retrieval.
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