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Abstract. Broadband radiation calculations are computationally expensive, and climate and weather models require fast pa-

rameterizations for computing the flow of energy through Earth’s atmosphere. Data-driven quadrature is an alternative to

traditional gas-optics parameterizations consisting of an optimal, sparse sample of representative spectral points (frequencies)

and weights such that the weighted sum of monochromatic calculations approximates the broadband quantity, offering flexibil-

ity while maintaining the accuracy and efficiency of state-of-the-art schemes. Data-driven quadrature was originally developed5

in cloudless present-day conditions for longwave (thermal) radiation. In this work, we update the optimization algorithm to

support shortwave (sunlight) calculations, which must be robust to variations in solar zenith angle and surface reflectivity.

We additionally expand both the longwave and shortwave schemes to capture variability in major greenhouse gas concentra-

tions, with potential application to different climate scenarios. The schemes are validated using ERA5 data with clear and

cloudy skies and compared to a state-of-the-art radiation parameterization, showing comparable accuracy at lower computa-10

tional cost. Furthermore, implementation in a single-column radiative-convective equilibrium model with interactive ozone

chemistry demonstrates the versatility of the scheme and potential for online operationalization in dynamical models. Here

we release and describe these optimized sets of quadrature points and associated weights, along with a tutorial to guide the

optimization of new point and weight configurations for other applications.

1 Introduction15

The flow of electromagnetic energy through the atmosphere sets Earth’s energy balance. Atmospheric constituents including

gases, aerosols, and clouds mediate the flow of radiation by absorbing, reflecting, and scattering sunlight (shortwave) and ther-

mal (longwave) energy. Radiative transfer codes can be used in conjunction with Earth system models and satellite observations

to accurately compute radiative fluxes and heating rates in order to study the interactions between radiation, the atmosphere,

and the surface. However, these calculations are complicated by the strong dependence of the optical properties of atmospheric20

constituents on the spectral dimension (here, wavenumber).

At very high spectral resolution, radiative quantities can be computed to near-arbitrary accuracy by performing monochro-

matic (per wavenumber) radiative transfer calculations with line-by-line (LBL) codes (e.g., Buehler et al., 2025). Line-by-line
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calculations, however, are incredibly computationally expensive and so unsuitable for atmospheric modeling. Thus radiation

parameterizations aim to maintain accuracy while optimizing computational efficiency. The state-of-the-art parameterization25

commonly used in climate and weather models is the correlated-k distribution (Fu and Liou, 1992; Lacis and Oinas, 1991;

Goody et al., 1989), which sorts absorption coefficients k, creating monotonic spectral integrals that can be evaluated at a

sparse set of spectral points. While efficient and accurate, correlated-k distributions are often hand-tuned by experts (Hogan

and Matricardi, 2020, 2022; Pincus et al., 2019), making them difficult to understand, use, and develop. Due to this tuning,

they tend to be inflexible to large variability in greenhouse gases, including those present on exoplanets or in paleoclimate30

scenarios, updates to spectroscopy, and spectral overlap by greenhouse gases (Amundsen et al., 2017).

In Czarnecki et al. (2023), we develop an alternative spectral integration scheme, called data-driven quadrature (DDQ),

with the goal of maintaining the accuracy and efficiency of correlated-k distributions while improving on transparency and

flexibility. Our method directly samples the spectrum to find a sparse, optimal set of monochromatic fluxes and associated

weights such that their weighted sum can accurately estimate radiative fluxes, heating rates, and top-of-the-atmosphere (TOA)35

forcing by CO2. We find errors and computational expense, measured by the number of spectral points, commensurate with

correlated-k models in longwave, clear-sky conditions.

In this followup work, we make strides towards operationalization as we expand the method to shortwave absorption, en-

compassing variability in solar zenith angle and surface reflectivity while keeping the size of the training dataset tractable.

Additionally, in both the shortwave and the longwave, we optimize for variability in six major greenhouse gases beyond40

present-day concentrations. Here we release these quadrature points and weights along with a Python tutorial that may be used

to generate new sets of quadrature points for different contexts. We validate the schemes extensively offline, comparing to

the popular correlated-k distribution RRTMGP (Pincus et al., 2019) in both all-sky and clear-sky conditions. We also show

good performance online with the implementation of DDQ as a gas optics scheme in the single-column radiative-convective

equilibrium model konrad (Kluft et al., 2019), where DDQ tracks line-by-line calculations closely. Together with the tutorial,45

these new quadrature configurations allow for the broad implementation of DDQ as a gas optics scheme in climate and weather

modeling applications.

2 Optimization Procedure

Details of the optimization of quadrature weights and points can be found in Czarnecki et al. (2023), Buehler et al. (2010), and

Moncet et al. (2008). We revisit them briefly here.50

The net broadband radiative flux at height z in the atmosphere, F (z), is given by integrating monochromatic fluxes across

the shortwave or the longwave spectrum:

F (z) =

∫
Fν(z)dν ≈

∑

i

Fνi
(z)∆νi, (1)

where ν denotes wavenumber and Fν(z) = F ↓
ν (z)−F ↑

ν (z) is the monochromatic net flux. Rather than calculating the integral

directly via an existing quadrature method (e.g., the Riemann sum) that would require fine spectral discretization, we seek to55
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sparsely sample the spectrum to recover a small set of representative wavenumbers and associated quadrature weights. The

weighted sum of monochromatic net flux at these representative wavenumbers approximates the full integral. As such, we

rewrite Eqn. 1 as:

F (z)≈
∑

ν∈S

wνFν(z), (2)

where wν is the weight corresponding to wavenumber ν in the sparse subset S. The subset S is selected using a combinatorial60

optimization algorithm called simulated annealing (Kirkpatrick et al., 1983), the weights w are fit using a constrained linear

regression, and both minimize the same cost function C. The software to solve this general optimization problem with user-

defined cost functions and training data is openly available as Python package datadrivenquadrature.

2.1 Training Data

In order to inform the spectral sampling, we need fine-resolution monochromatic line-by-line calculations as well as corre-65

sponding integrated fluxes and heating rates throughout the atmosphere. Atmospheric profiles used for training must be suffi-

ciently independent to allow for the matrix inversion necessary in the linear regression step while providing a representative

sample of conditions for a given application.

To this end we adopt the set of atmospheric profiles developed for the Correlated K-Distribution Model Intercomparison

Project (CKDMIP; Hogan and Matricardi, 2020), which span the present-day means, minima, and maxima in water vapor70

concentration, ozone concentration, and temperature. One hundred such profiles are available, and 50 are used for training and

50 for independent testing. We use the line-by-line code ARTS (Atmospheric Radiative Transfer Simulator; Buehler et al.,

2025) to generate detailed spectral and broadband net fluxes. Heating rates, or flux divergence profiles, are computed from

fluxes using a simple second-order accurate centered difference derivative matrix. One important update from Czarnecki et al.

(2023) is that we increase vertical resolution at the expense of spectral resolution, training on 72,000 wavenumbers in the75

longwave and 62,000 in the shortwave. This is sufficient spectral detail to maintain accuracy to CKDMIP’s original 7 million

longwave wavenumbers, while the resulting free memory allows for training on each vertical model level, improving the

prediction and generalization of heating rates.

In order to capture variability in six major greenhouse gases (CO2, CH4, O3, N2O, and additionally CFC-11 and -12 in

the longwave), we perturb the concentration of each of these gases by a factor of 8 in each profile. Note that in the CKDMIP80

dataset, the concentrations of CFC-11 are scaled to include other ozone-depleting substances, a common procedure in radiation

parameterization (Hogan and Matricardi, 2020).

Furthermore, in the shortwave, radiative transfer depends on the solar zenith angle and the optical properties of the surface.

To account for these axes, each atmospheric profile is generated with five broadband surface reflectivities equally spaced

from 0.15 to 0.75, as well as five solar zenith angles equally spaced in their cosine from 0.1 to 0.9. In order to facilitate the85

computation of linear weights by maintaining a small and linearly independent set of training profiles, solar zenith angle and

surface reflectivity are randomly chosen for each of the 50 profiles at each optimization step.
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The ARTS module FluxSimulator that may be used to perform line-by-line computations is available at https://github.

com/atmtools/pyarts-fluxes, and the creation of training profiles is demonstrated in the included tutorial.

2.2 Cost Functions90

The selection of the training profiles defines what variability in conditions we are interested in capturing; in contrast, the cost

function determines which radiative quantities we demand accuracy in. We have previously shown that important quantities

must be included in the cost function (Czarnecki et al., 2023). Very generally, the cost function used in all calculations can be

defined as

C = f0∥Fest −Fref∥+ f1∥Hest −Href∥+
∑

i

fi∥F i
est −F i

ref∥. (3)95

The first term is the root-mean-squared error (RMSE) in net flux profile weighted by an empirically-derived scaling constant

f0 = 0.15. The second term is the RMSE in heating rate profile, with f1 = 1. The final term is the RMSE in TOA radiative forc-

ing F = FTOA
present −FTOA

8×i , with i ∈ {CO2, CH4, O3, N2O, CFC-11, CFC-12}. To train for present-day computation only, we

set fi = 0; for the limited climate change case with only CO2 radiative forcing, fCO2
= 1 (Czarnecki et al., 2023). To capture

variability in all greenhouse gases in the longwave, fi = 1 for all i; in the shortwave, CFC-11 and -12 do not exert a forcing100

and so their coefficients fCFC−11 = fCFC−12 = 0. Adding the forcing by each gas to the cost function provides information

about how the spectrum changes with gas concentration, driving representative spectral points to important absorption bands.

The scaling coefficients can be adjusted if necessary (e.g., if training a quadrature scheme for exoplanet applications).

This cost function, written to be compatible with the datadrivenquadrature optimization package, is available in the

tutorial.105

3 Quadrature Points and Weights

We describe the following sets of quadrature points and weights (available online; Czarnecki and Brath (2026)):

– DDQ_LW_present: 64 weights and points that perform the longwave spectral flux integral, trained on present-day

variability in ozone, water vapor, and temperature, and 8 × CO2 forcing;

– DDQ_LW: 64 weights and points that perform the longwave spectral flux integral, including variability in 6 major green-110

house gases;

– DDQ_SW_present: 64 weights and points that perform the shortwave spectral flux integral with present-day gas con-

centrations and CO2 forcing, including variability in solar zenith angle and surface reflectivity;

– DDQ_SW: 64 weights and points that perform the shortwave spectral flux integral including variability in 4 major green-

house gases, surface reflectivity, and solar zenith angle.115
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We perform 10 independent optimizations for each set of conditions described above. As the spread in final cost function

values C is small, we validate only one DDQ configuration in this paper, chosen to best balance the terms of the cost func-

tion. However, we release all 10 optimizations, as this balance may be different across optimizations (e.g., favoring ozone

optimization in the shortwave where the forcing is large) and users may wish to explore other configurations for their own

applications.120

In addition to these, other versions of DDQ are already publicly available, including present-day versions of both shortwave

and longwave quadrature schemes that were released with the latest version of ARTS (Buehler et al., 2025) and limited versions

of both longwave and shortwave schemes available as an optional gas-optics implementation in the single-column radiative-

convective equilibrium model konrad (Kluft et al., 2019). The latter implementation includes idealizations made for the

single-column model, such as a scaled insolation term for diurnally-averaged radiation calls and a single average surface125

reflectivity value, highlighting the flexibility of the method for different applications.

3.1 DDQ for Longwave Spectral Integration

Figure 1. Relative root mean squared errors for a) net flux profiles, b) heating rate profiles, and c) top-of-the-atmosphere instantaneous

radiative forcing in the CKDMIP testing dataset. Errors for DDQ_LW are shown in color, with each color denoting a single-gas perturbation

and each linestyle encoding the size of the perturbation; the equivalent calculations for the correlated-k distribution RRTMGP are shown in

grey to provide context. Errors at present-day concentrations, calculated using the limited configuration DDQ_LW_present, are shown in

black.

We first validate DDQ_LW_present and DDQ_LW across a wide range of atmospheric conditions by calculating relative

root mean squared error (with a floor of 0.1 in order to prevent artificial error amplification in regions with small reference

values) in Figure 1. The mean is taken across the 50 clear-sky testing profiles in each single-gas perturbation scenario. The130

same calculations are shown for the popular correlated-k distribution RRTMGP-256, with 256 spectral points or g-points in

the longwave. Our configurations of DDQ use 64 spectral points. DDQ boasts errors that are at worst similar to those of

RRTMGP in flux profiles (Fig. 1a), heating rate profiles (Fig. 1b), and TOA forcing in atmospheres with 1/8× to 8× present-
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day concentrations of individual greenhouse gases (Fig. 1c). DDQ heating rate errors are largest above the tropopause. Though

DDQ extrapolates well outside of training conditions compared to correlated-k distributions (see 16 × CO2 forcing, Fig. 6,135

Czarnecki et al. (2023)), accuracy is more limited outside of training conditions: forcing errors are larger at fractions of present-

day concentrations, as the schemes are trained on 8× present-day concentrations. This could be improved by increasing the

span of training conditions.

3.2 DDQ for Shortwave Spectral Integration

Figure 2. Relative root mean squared errors for a) net flux profiles and b) heating rate profiles in DDQ_SW_present. Error is grouped by

the cosine of the solar zenith angle µ, illustrated with line color, and albedo, encoded by the saturation of the color. The plot demonstrates

that though there is some spread in error across solar and surface conditions, both the spread and the total error are small.

In the shortwave, the DDQ scheme must be robust to changes in surface reflectivity or albedo, and solar zenith angle. Figure140

2 shows how relative root mean squared error in flux profile (Fig. 2a) and heating rate (Fig. 2b) varies across solar and surface

conditions in the quadrature configuration DDQ_SW_present. In both heating rates and fluxes, errors are larger at small

µ= cos(sza) (higher solar zenith angles). Nonetheless, though there is some spread in the flux profiles across solar zenith

angle, the worst-case error remains small; heating rate profile errors have much smaller spread and are likewise small. Thus

in the validation of DDQ_SW, we take the mean of the error across solar zenith angle and surface albedo in order to produce a145

cleaner plot, with confidence that we are not missing any biases due to varying boundary conditions. Note that DDQ is both
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tested and trained on a scalar surface reflectivity here; the impact of spectrally-resolved surface reflectivity will be explored in

Section 3.3.

Figure 3. Relative root mean squared errors for a) net flux profiles, b) heating rate profiles, and c) top-of-the-atmosphere instantaneous

radiative forcing in the CKDMIP testing dataset. Errors for DDQ_SW are shown in color, with each color denoting a single-gas perturbation

and each linestyle encoding the size of the perturbation; the equivalent calculations for the correlated-k distribution RRTMGP are shown in

grey to provide context. Errors at present-day concentrations, calculated using the limited configuration DDQ_SW_present, are shown in

black.

As before, we validate DDQ_SW_present and DDQ_SW across a wide range of clear-sky atmospheric conditions by calcu-

lating relative root mean squared error, averaging over solar zenith angle and surface albedo, in Figure 3. The same calculations150

are shown for RRTMGP-224, which has 224 spectral points in the shortwave. Note that here, for each gas perturbation, we

average over a sample of 10 of the 50 reference profiles to keep the number of line-by-line reference calculations required

computationally tractable. DDQ errors remain comparable to those of RRTMGP in flux profiles (Fig. 3a), heating rate profiles

(Fig. 3b), and TOA forcing in atmospheres with 1/8× to 8× present-day concentrations of individual greenhouse gases (Fig.

3c). Shortwave heating rate errors are relatively larger than longwave above 500 hPa as compared to RRTMGP-224 but remain155

small at about 0.1 K/day. DDQ has larger forcing errors in CO2, CH4 and N2O forcing than O3 because these forcings are

very small in the shortwave and thus O3 is prioritized in the optimization; if desired this could be remedied by modifying the

coefficients fi in the cost function (Eqn. 3). Nonetheless, we show RRTMGP error separately across solar and surface variables

to show that mean DDQ_SW error lies within the spread of RRTMGP errors; in individual profiles, DDQ error may be larger.

As in the longwave, our configurations of DDQ use 64 spectral points, which is much sparser than this implementation of160

RRTMGP with 224 g-points.
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3.3 Extrapolation to Clouds: Validation in ERA5 Reanalysis Data

In this section we validate the DDQ scheme for all-sky conditions. Using ERA5 reanalysis data, we run simulations for all-

sky conditions estimating the radiative fluxes and heating rates using the DDQ scheme and compare them with reference

line-by-line simulations, both using ARTS 2.6.15.165

The ERA5 data consists of a snapshot of the atmosphere from 01/08/2022 09:00:00 UTC, with a horizontal resolution of 1

degree and 137 vertical levels from 4D variational analysis. The data among other variables includes temperature, humidity,

ozone, and hydrometeor contents. Included gases are H2O, O2, N2, O3, CO2, N2O and CH4. H2O and O3 concentrations are

taken from the ERA5 data, while CO2, N2O, O2 and CH4 are set to their present-day concentrations.

Gas absorption is taken into account by using ARTS’ line-by-line data, which is based on the HITRAN (Gordon et al., 2022)170

database; MT_CKD for continuum absorption (version 3.5 for H2O and version 2.5.2 for CO2 (Mlawer et al., 2012)); collision-

induced absorption (version 1.0 for O2 and version 2.5.2 for N2); and the ARTS cross-section catalog for ozone. The ozone

cross-section data is derived from Gorshelev et al. (2014) and Serdyuchenko et al. (2014) using the arts-crossfit package

(Buehler et al., 2022). Molecular scattering is taken into account by using the Rayleigh phase matrix including polarization

from Hansen and Travis (1974) with a depolarization factor of 0.03 and the Rayleigh cross-section parameterization from175

Stamnes et al. (2017) and Bates (1984). For details, see Brath et al. (2024).

Four different hydrometeor types are included, each with its own particle size distribution: cloud liquid water, cloud ice,

rain and snow. Rain and cloud liquid water are assumed to be liquid water spheres, and the scattering data is taken from

the arts-xml-data package (version 2.6.14). Cloud ice is assumed as hexagonal columns, snow as 10-plate-aggregate and

graupel as droxtal from the scattering database of Yang et al. (2013) and Bi and Yang (2017). The scattering database converted180

to the ARTS single scattering data format is freely available from Zenodo (https://doi.org/10.5281/zenodo.10807525; Eriksson

and Barlakas (2024)).

The surface data is estimated from daily global surface reflectances from the MYD09CMG Version 6.1 product from June

to July 2022. It provides estimated surface spectral reflectances of Aqua MODIS at 0.05 degree resolution. Due to a limitation

of the CDISORT implementation in ARTS, all surfaces are assumed to be Lambertian (Brath et al., 2024).185

For the thermal reference simulations the spectrum is sampled linearly between 10 and 5,000 cm−1, and logarithmically

between 1,000 and 100,000 cm−1 for the solar reference simulations, each with 10,000 frequency points. The sun is overhead

at 18 degrees north and 45 degrees east, which roughly corresponds to the location of the sun at the simulation time.

3.3.1 Fluxes

First, we analyze the fluxes at the top of the atmosphere (TOA) and at the surface for longwave and shortwave separately190

for clear-sky and all-sky conditions. The globally-averaged upward and downward reference fluxes at TOA and at the surface

for longwave and shortwave radiation are shown in Table 1. The differences from the reference fluxes for the DDQ_LW and

DDQ_SW sets are shown in Table 2.
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Radiation Type and Case TOA up [Wm−2] TOA down [Wm−2] SFC up [Wm−2] SFC down [Wm−2]

all-sky solar 130.821 339.988 16.8471 154.165

clear-sky solar 23.3143 339.988 25.4359 270.883

all-sky thermal 225.027 0 412.063 371.771

clear-sky thermal 269.576 0 409.691 324.331

Table 1. Reference flux values for longwave and shortwave radiation (W/m2).

Setup TOA up [Wm−2] TOA down [Wm−2] SFC up [Wm−2] SFC down [Wm−2]

All-Sky Conditions

DDQ_LW -0.9894 0 1.5407 1.6628

DDQ_LW_present -0.1574 0 -0.974 -0.708

DDQ_SW -2.3849 -1.6807 -0.1719 -1.2091

DDQ_SW_present -3.8506 -1.4804 -0.6375 -2.4441

Clear-Sky Conditions

DDQ_LW -1.4299 0 1.5484 1.8162

DDQ_LW_present -0.2565 0 -0.963 -0.4876

DDQ_SW -0.2467 -1.6807 -0.2521 -0.9754

DDQ_SW_present -0.8817 -1.4804 -0.9528 -0.7194

Table 2. Difference between DDQ configurations and reference simulations (W/m2).

Both DDQ longwave schemes reproduce the reference longwave fluxes at TOA. They deviate by less than 0.5% at TOA for

the upward fluxes and by less than 0.6% at the surface for the upward and downward fluxes. A deviation of 0.5% corresponds195

roughly to 1 W/m2, which is the order of deviation that can be expected even from comparison with reference radiative transfer

models (Pincus et al., 2015). The shortwave deviations are larger than the longwave. At the TOA, the upward all-sky shortwave

flux differs by 2% for the DDQ_SW set and by 3% for the DDQ_SW_present set. In clear-sky conditions, they differ by about

1% and 4%, respectively. At the surface, the downward flux differs by about 1% for both DDQ sets in all-sky conditions. For

clear-sky conditions, the DDQ_SW sets differ by less than 0.4%. The upward flux at the surface differs for all-sky and clear-200

sky conditions by 1% for the DDQ_SW set and by 4% for the DDQ_SW_present set. In clear-sky conditions, the surface

is the main source of the deviations, especially for the DDQ_SW_present set, as both are trained on spectrally-constant

surface reflectivities and tested on spectrally-resolved surface reflectivities. Conversely in all-sky conditions, the influence of

the surface is partially masked by the clouds. Locally, the upward flux deviates up to 20% for the DDQ_SW_present set

(Fig. 4b). For the DDQ_SW set the deviations are mostly below 10% (Fig. 4c). The strongest deviations occur at regions where205

the actual upward surface flux is small (Fig. 4a). On the global scale, most of the deviations at the surface cancel out.
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Figure 4. Solar upward flux at the surface for all-sky conditions. The grey shading marks the night side, where no sunlight is present. Panel

a) shows the reference simulation, panel b) the flux as generated by the DDQ_SW set, and panel c) the DDQ_SW_present set. In panels b)

and c) relative errors are only shown if the reference flux is higher than 1 Wm−2.

3.3.2 Heating Rates

In this section, we analyze the heating rates first for the longwave and then for the shortwave. We will focus on all-sky

conditions, as clear-sky conditions were already validated in the previous sections.
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Fig. 5 shows the thermal heating rate distribution for the reference line-by-line simulation (Fig. 5a) and the density of210

deviations for the DDQ_LW (Fig. 5b) and DDQ_LW_present schemes (Fig. 5c). From the surface up to altitudes of 10hPa,

both DDQ sets are practically bias free and have deviations less than 0.2 Kd−1; the highest density of deviation lies at less

than 0.1Kd−1. From 10hPa to 0.1hPa, the root mean square deviation (RMSD) is about 1Kd−1, which is mainly caused by a

systematic deviation as seen by the non zero bias. Above 0.1hPa, the deviation strongly increases. From a clear-sky test (not

shown) with 20 times higher spectral resolution (∆ν̃ = 0.025 cm−1), we know that for a spectral resolution of ∆ν̃ = 0.5 cm−1,215

the error of the heating rate is in the order of 1Kd−1 to 2Kd−1 at the stratopause (1hPa) and even higher when considering

the mesosphere. Therefore, we cannot determine if the deviations above the stratopause are caused by the spectral resolution

of the reference simulation, by the DDQ scheme, or both. RRTMGP exhibits similar errors at high altitudes (Fig. 1).
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Figure 5. Longwave heating rate comparison in a snapshot of ERA5. Panel a) shows the reference LBL heating rate distribution; panel b)

shows distributions of deviations for DDQ_LW, and panel c) tests the DDQ_LW_present set. For details, see text.

Fig. 6 shows the shortwave heating rate distribution for the reference line-by-line simulation (Fig. 6a) as well as the distri-

butions of deviations for the DDQ_SW (Fig. 6b) and DDQ_SW_present sets (Fig. 6c). Both DDQ sets are similar above the220

tropopause (< 100hPa), with biases in the order of 0.1 Kd−1 and RMSD on the order of 0.2 Kd−1 in the stratosphere. Above

the stratosphere (< 1hPa) the magnitude of both the bias and the RMSD increases to more than 1Kd−1. The reason for this is

that the DDQ sets miss some absorption features that are important for the heating rate in the mesosphere. In the troposphere

(> 100hPa) both DDQ sets are similar in terms of bias and RMSD. The bias is slightly larger in magnitude (up to 0.2Kd−1)

than in the stratosphere, but the RMSD increases strongly to about 0.7Kd−1. The main difference between the two DDQ sets are225

the extreme values of their deviation distributions. The DDQ_SW configuration has negative deviations up to −4Kd−1, while
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DDQ_SW_present exhibits values only down to −1Kd−1. In contrast, DDQ_SW_present has more higher positive devia-

tions than the DDQ_SW set. The higher heating rate deviations between 100hPa and 300hPa result from cloud absorption in the

near infrared. Ice clouds have three strong absorption peaks in the near infrared (Warren, 2019), which are not captured well

enough by the DDQ sets. For liquid clouds, these deviations are much smaller, as the absorption peaks are less pronounced and230

the ice clouds, which mostly occur at higher altitudes, mask the interaction of the radiation with the liquid clouds. Nonetheless,

RRTMGP’s cloud-optics scheme does not explicitly consider these absorption peaks as cloud optics are computed as band- or

g-point averages (Pincus et al., 2019), and the magnitude of DDQ’s shortwave errors is similar to RRTMGP all-sky errors in

the longwave (not shown). Thus we maintain that DDQ is suitable for most all-sky calculations.
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Figure 6. Shortwave heating rate comparison in ERA5. Panel a) shows the shortwave heating rate distribution for the reference line-by-line

simulation; panel b) shows the density of deviations from the reference by DDQ_SW, while panel c) tests the DDQ_SW_present set. For

details, see text.

3.4 Atmospheric Chemistry: Interactive Ozone in konrad235

Finally, we wish to explore the operationalization of DDQ as a gas optics scheme by testing its interaction with a linear ozone

chemistry parameterization (Cariolle and Teyssedre, 2007) in the single-column radiative-convective equilibrium (RCE) model

konrad (Kluft et al., 2019). Both line-by-line code ARTS and the quadrature scheme, which depends on ARTS to perform

the monochromatic flux computations at the selected quadrature points, are implemented within konrad, allowing for direct

comparison.240
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Figure 7. a) Temperature profiles and b) ozone concentration profiles for the equilibrium state of RCE model konrad including an inter-

active ozone scheme. Solid lines denote the use of line-by-line code ARTS as the radiation scheme, while dashed lines denote the use of

DDQ_SW and DDQ_LW. The model is run for four fixed surface temperatures (275 K, teal; 285 K, yellow; 295 K, red; and 305 K, purple).

The model converges to very similar states with both schemes.

The RCE model is run independently with both ARTS and DDQ as the radiation code across a set of fixed surface tem-

peratures Ts ∈ {275,285,295,305} Kelvin with a 2-hour timestep and until convergence (with a maximum of 150 days). The

vertical discretization is doubled (from 64 levels to 128) in the Ts = 305 K case to stabilize the numerical integration. To test

the flexibility of DDQ to changing gas concentrations, the Cariolle interactive ozone scheme is used (Cariolle and Teyssedre,

2007). In Figure 7, the equilibrium RCE state, as defined by the temperature profile (Fig. 7a) and the ozone concentration245

profile (Fig. 7b) is shown. The states resulting from konrad with DDQ as the radiation scheme (dashed lines) are very similar

to those from line-by-line radiation (solid lines), and any discrepancies are within the bias of the default radiation scheme

RRTMG (not shown). Though konrad is a single-column model with many simplifications, the accuracy and stability of

DDQ in this setting show promise for further operationalization in more complex models.

13

https://doi.org/10.5194/egusphere-2026-2096
Preprint. Discussion started: 21 July 2026
c© Author(s) 2026. CC BY 4.0 License.



4 Summary and Discussion250

In this work, we advance data-driven quadrature towards operationalization. While originally developed in longwave, present-

day, clear-sky conditions, DDQ has been extended to shortwave radiation calculations with variability across solar zenith

angles and surface reflectivities. DDQ can also flexibly maintain accuracy across variability in the concentrations of six major

greenhouse gases. We extensively validated four quadrature configurations against line-by-line code ARTS and compared to

state-of-the-art gas-optics scheme RRTMGP. The quadrature schemes maintain efficiency and accuracy in a wide range of255

gas concentrations as well as in clear-sky and all-sky ERA5 snapshots. Finally, we test an online implementation in a simple

model with an interactive ozone parameterization, further highlighting the versatility of the scheme and the potential for

implementation in larger models.

The major limitation of DDQ is its dependence on the breadth of training conditions used; as is true for all optimization

methods, extrapolation to novel conditions is limited and users may wish to train DDQ configurations specifically to their260

use cases. To this end, along with these four quadrature scheme configurations, consisting of quadrature points and associated

weights, we release a Python tutorial that may be used to train a new quadrature scheme. Users may wish to train a new

configuration for specific applications (for exoplanets with vastly different gas concentrations), for a specific model (for best

results, the vertical grid of the training data should match a given model, as extrapolation in pressure proves to be difficult;

c.f. Fig. 4 in Czarnecki et al. (2023)), or to focus on a limited set of conditions to increase efficiency (for a simple model,265

training on limited gas variability may decrease the number of spectral points necessary as it decreases the complexity of the

information learned).

Additional validation will be performed within a dynamical model, to ensure the parameterized radiation interacts realisti-

cally with atmospheric dynamics. For the full operationalization of DDQ in an Earth system model, a procedure to generate

monochromatic fluxes must be devised, as the quadrature scheme relies on monochromatic flux calculations ahead of spec-270

tral integration. Currently, this is achieved with the line-by-line code ARTS (e.g., within konrad or the FluxSimulator

module), though this is impractical for implementation in larger models. Absorption coefficients for gas-optics schemes are

typically stored in lookup tables across a wide range of temperatures and pressures; at each radiation call in the model inte-

gration, these absorption coefficients are looked up, optical depth is calculated, and then the equations of radiative transfer

are solved. This is a potential avenue for the implementation of DDQ, though lookup tables are bulky and the monochromatic275

nature of DDQ lends itself to further optimization of this step. Instead, reference absorption coefficients could be stored and

then interpolated for pressure and temperature. The interpolation function could be fit by training a neural network (or, in

the simplest case, a linear spline), reducing the lookup operation to a polynomial or linear function call. This would further

increase the efficiency of the radiation calculation, which is already competitive with state-of-the-art parameterizations.

With the DDQ tutorial in hand, one may wish to include additional components in the gas optics scheme. One such compo-280

nent may include the separate computation of photosynthetically-active radiation (PAR), a shortwave spectral band important

for atmosphere-biosphere coupling. The spectral sampling of the PAR band in particular has been shown to be important to the

estimation of gross primary productivity and thus carbon sequestration by plants, motivating DDQ as an appropriate approach

14

https://doi.org/10.5194/egusphere-2026-2096
Preprint. Discussion started: 21 July 2026
c© Author(s) 2026. CC BY 4.0 License.



(Clevers and Kooistra, 2011; Gates et al., 1965). This may be achieved by including both the PAR and the broadband integral

in the shortwave cost function, such that the quadrature scheme must include spectral points that correctly return both the band285

and the broadband integral. One may also wish to improve the representation of clouds; forcing sampling of spectral bands

where ice, water, and mixed-phase clouds absorb and scatter light may minimize all-sky errors (Warren, 2019; Lu et al., 2011).

This can be achieved by including all-sky profiles in the training dataset, or by including the atmospheric cloud radiative effect

(the difference between heating in cloudy and clear skies) in the cost function.

Additionally, DDQ may be extended to learn further variability without increasing computational cost. One such extension is290

spectrally-varying surface albedo. While typically, surface albedo is taken to be a broadband constant (as in this work) or a set of

coarsely band-averaged values in Earth system models (as in Section 3.3), including the spectral representation of the surface

has been shown to be important in representing different land surface types, in particular snow and ice (Henderson-Sellers

and Wilson, 1983). A DDQ configuration can be easily trained to make this improvement by sampling spectral, rather than

broadband, surface conditions, as in our shortwave training; though the DDQ_SW configuration matches reference calculations295

using a spectral surface reflectivity fairly well, users may wish to re-train a DDQ configuration for a specific land-surface

model, especially in a more limited DDQ_SW_present case.

Finally, the theory behind DDQ is based on a similar procedure for simulating hyperspectral satellite observations (Buehler

et al., 2010; Moncet et al., 2008). Beyond applications in weather or climate models, a configuration of quadrature points can

be easily trained on satellite retrievals to a similar end. Indeed, the Weighted-Mean of Representative Frequencies approach,300

including frequencies and associated weights for the HIRS (High Resolution Infrared Radiation Sounder) instrument, has

long been included with releases of ARTS (Buehler et al., 2025, 2010). An existing infrastructure to simulate a user-defined

instrument also exists. Thus combined with the included tutorial, it should be straightforward to develop broadband simulators

for a wide range of instruments with ARTS. This simulator can then facilitate novel model-observation comparison, including

via inexpensive online observation simulation within a global climate model.305

Code and data availability. Code used to generate the figures and training datasets, cost functions used for the optimization algorithm,

and quadrature points and associated weights, are available at https://doi.org/10.5281/zenodo.18958691 (Czarnecki and Brath, 2026). The

optimization may be performed using the publicly-available Python package datadrivenquadrature. Atmospheric conditions used for

training and testing are freely available from the CKDMIP project (Hogan and Matricardi, 2020). ERA5 data is available at the Copernicus

Climate Store.310
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