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Key Points: 9 

• Observed cloud radiative trends using two methods agree on the spatial pattern but show 10 

near-uniform residuals with opposite SW and LW signs 11 

• Multiple diagnostics suggest that the observed residuals are consistent with satellite 12 

instrumentation drift 13 

• Offsetting SW and LW biases result in robust net trends, but explain the discrepancies 14 

between observed and model-simulated radiative trends 15 

 16 
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Abstract 18 

Satellite observations over the past two decades show increased shortwave (SW) absorption and 19 

outgoing longwave (LW) radiation at the top of the atmosphere (TOA), changes that have been 20 

interpreted as evidence of substantial cloud radiative contributions to the recent rise in Earth’s 21 

energy imbalance (EEI). However, climate models reproduce only part of the observed trends. 22 

Here, we use an independent cloud radiative kernel (CRK) framework to re-evaluate the observed 23 

SW and LW cloud radiative trends over 2003–2022. The CRK-based estimates reproduce the 24 

observed spatial patterns and temporal variability, but explain only a fraction of the global-mean 25 

trend magnitudes, leaving spatially coherent residuals that are difficult to reconcile with known 26 

physical mechanisms. In contrast, CMIP6 historical simulations show broad agreement with CRK-27 

based cloud radiative trends across multiple independent 20-year periods, with no evidence of 28 

near-uniform residuals. We further examine several independent diagnostics of radiometric 29 

stability, including trends in the cloud radiative kernel itself, albedo changes over three invariant 30 

Earth targets, and daytime-minus-nighttime differences in longwave and window-channel TOA 31 

fluxes. Together, these diagnostics consistently suggest subtle but statistically significant long-32 

term drift in the CERES radiative record. These results suggest that most of the discrepancy 33 

between observed and simulated SW and LW trends arises from this observational drift. However, 34 

the offsetting nature of the SW and LW biases leaves the inferred net radiative contribution to EEI 35 

comparatively robust. 36 

 37 



 

 

Plain Language Summary  38 

Satellite observations over the past two decades show that Earth is absorbing more sunlight and 39 

emitting more heat to space. These changes have been interpreted as evidence that clouds 40 

contributed substantially to the recent rise in Earth’s energy imbalance. However, climate models 41 

simulate smaller cloud-related trends than satellite-based estimates, creating an apparent gap 42 

between models and observations. To investigate this mismatch, we applied an independent 43 

method called a cloud radiative kernel framework. Although this method reproduces the observed 44 

spatial patterns, it yields smaller global-mean trends in both shortwave and longwave fluxes. The 45 

remaining difference is spatially uniform, which is difficult to explain by real cloud changes alone. 46 

We further examined several independent tests of satellite radiometric stability, including trends 47 

in the cloud radiative kernel, reflectance changes over three stable Earth targets, and differences 48 

between daytime and nighttime radiation measurements. Together, these tests indicate subtle but 49 

significant long-term drift in the satellite record. Our results suggest that the discrepancies between 50 

observed and simulated cloud radiative trends may arise from these observational drifts. At the 51 

same time, because the shortwave and longwave biases offset one another, the recent increase in 52 

Earth’s energy imbalance appears to remain relatively robust. 53 

 54 

1. Introduction 55 

The Earth’s energy imbalance (EEI)—the difference between absorbed solar radiation and 56 

outgoing terrestrial radiation—has increased markedly over the past two decades, driving 57 

accelerated warming of the global climate system (e.g., von Schuckmann et al., 2016; Loeb et al., 58 

2021; Mauritsen et al., 2025). Observations from the Clouds and the Earth’s Radiant Energy 59 



 

 

System (CERES) show that this increase reflects increase in both absorbed shortwave (SW) and 60 

outgoing longwave (LW) radiation at the top of the atmosphere (TOA), with enhanced absorption 61 

of SW radiation playing the dominant role in the net trend (e.g., Kramer et al., 2021; Loeb et al., 62 

2021; Raghuraman et al., 2021; Stephens et al., 2022; Goessling et al., 2025; Park and Soden, 63 

2025). Given the distinct physical processes governing SW and LW radiation, quantifying the 64 

drivers of these TOA flux changes is essential for disentangling the roles of anthropogenic forcing 65 

and climate feedbacks and for constraining climate sensitivity. 66 

 67 

Radiative kernels are widely used for this purpose because they provide a physically transparent 68 

way to decompose TOA radiative changes into contributions from individual drivers. In this 69 

framework, precomputed local linear sensitivities (“kernels”) translate small perturbations in well-70 

defined surface and atmospheric state variables—such as surface albedo, water vapor, and 71 

temperature—into their associated radiative flux changes. Clouds, however, do not fit into this 72 

linear framework as they are not represented by a simple state variable, and their radiative 73 

influence depends jointly and nonlinearly on cloud fraction, height, optical thickness, and vertical 74 

overlap (Soden and Held, 2006; Soden et al., 2008). Consequently, standard radiative kernel 75 

approaches do not provide an explicit cloud kernel, motivating alternative strategies for diagnosing 76 

cloud-driven radiative responses. One common approach is an “adjustment” method, in which 77 

observed changes in cloud radiative effect (CRE) are corrected for the kernel-estimated radiative 78 

impacts of contemporaneous non-cloud perturbations in the state variables, thereby accounting for 79 

cloud masking effects and indirectly isolating the true cloud contribution (e.g., Soden et al., 2008; 80 

Kramer et al., 2021). We refer to this quantity as the adjusted, or adjustment-based, cloud radiative 81 

response, dRcld-Adj. 82 



 

 

 83 

Observationally derived adjustment estimates indicate substantial cloud radiative contributions to 84 

the recent TOA flux trends. Raghuraman et al. (2023) showed that, over 2001–2020, the trend in 85 

the observed shortwave cloud radiative response, dSWcld-Adj, is 0.39 ± 0.20 W m-2 decade-1 (95% 86 

confidence), implying that cloud changes account for ~61% of the observed increase in absorbed 87 

shortwave radiation. In the longwave, the observed cloud radiative trend, dLWcld-Adj, is −0.27 W 88 

m-2 decade-1 (95% confidence), indicating that clouds offset part of the shortwave warming through 89 

enhanced longwave emission to space. Climate models, however, reproduce only part of this 90 

observed behavior. In the same study, prescribed sea surface temperature and sea-ice simulations 91 

yielded a multi-ensemble mean trend of 0.24 W m-2 decade-1 in dSWcld-Adj, capturing only about 92 

60% of the central observational estimate and lying near the lower bound of the observational 93 

uncertainty range. The discrepancy is even larger in the longwave, where the multi-ensemble mean 94 

dLWcld-Adj  trend is 0.01 W m-2 decade-1, placing the model-derived value well outside the 95 

observational uncertainty range. Thus, relative to the observations, models underestimate the 96 

positive shortwave cloud radiative trend and fail to reproduce the compensating negative longwave 97 

trend, motivating further investigation into the source of this discrepancy. 98 

 99 

To assess whether the model–observation gap in cloud radiative trends arises from differing cloud 100 

changes or from limitations of the adjustment approach, we evaluate dRcld-Adj  using an 101 

independent diagnostic—the cloud radiative kernel (CRK) framework. The CRK is defined in a 7 102 

× 6 space (or, in some implementations, 7 × 7) of cloud top pressure (CTP) and cloud optical depth 103 

(COD) and provides the TOA radiative sensitivity to changes in cloud fraction within each cloud 104 

type bin (Rossow and Schiffer 1999; Zelinka et al., 2012a; Zhou et al., 2013; Yue et al., 2016; 105 



 

 

Zhang et al., 2021; Sun et al. 2022). Because each bin uniquely represents a combination of cloud 106 

height, thickness, and associated radiative properties, multiplying the CRK by changes in cloud 107 

fraction implicitly accounts for the radiative responses of cloud amount, cloud altitude, and cloud 108 

optical thickness simultaneously (Zelinka et al., 2012a,b; Zelinka et al., 2016). In this sense, the 109 

CRK framework represents the full radiative response of clouds expressed through changes in the 110 

distribution of cloud scenes in CTP–COD space.  111 

 112 

Conceptually, the adjustment and CRK frameworks target the same quantity—the TOA radiative 113 

response to cloud changes—so their global-mean trends should agree within uncertainty if both 114 

methods faithfully represent cloud-driven radiative changes. However, our analysis finds a clear 115 

disagreement between these two approaches in observations. Although the CRK-based estimates 116 

(dRcld-CRK) reproduce the spatial patterns of the adjusted trends, they explain only part of the 117 

global-mean trends in dRcld-Adj. Moreover, the residuals (dRcld-Adj minus dRcld-CRK) are 118 

spatially coherent, being positive in the shortwave and negative in the longwave over much of the 119 

globe. This behavior contrasts with the pronounced regional structure expected from physically 120 

driven cloud changes and suggests that part of the apparent model–observation discrepancy may 121 

instead reflect observational uncertainty. Taken together, these findings highlight the need for 122 

careful interpretation when attributing long-term cloud radiative changes from satellite records.  123 

 124 

2. Data 125 

We use monthly mean radiative fluxes from the CERES Energy Balanced and Filled (EBAF) 126 

Edition 4.2 product (Loeb et al., 2018) and the FluxByCldTyp Edition 4.1 (FBCT) dataset (Sun et 127 

al., 2022) for January 2003–December 2022. Over this period, FBCT is derived exclusively from 128 



 

 

Terra and Aqua observations, allowing cloud radiative diagnostics to be interpreted without 129 

complications arising from changes in satellite platforms (Text S1). We also use the CERES Single 130 

Scanner Footprint (SSF) Edition 4 dataset, which provides the primary footprint-level input to 131 

FBCT, to derive albedo diagnostics over three invariant Earth targets and to examine day-minus-132 

night differences in longwave and window-channel fluxes as independent tests of long-term 133 

radiometric stability. For both Terra and Aqua, only observations obtained in cross-track mode are 134 

used, consistent with standard CERES processing practice. 135 

 136 

To provide a controlled consistency check, we estimate dRcld-Adj and the dRcld-CRK in Coupled 137 

Model Intercomparison Project Phase 6 (CMIP6) historical simulations, where radiative fluxes 138 

and cloud properties are internally consistent and unaffected by satellite sampling or calibration 139 

uncertainties. We analyze 14 models that provide the variables required to compute both estimates 140 

(Table S1). To place these results in the broader context of Earth’s energy imbalance over 2003-141 

2022, we additionally use 44 CMIP6 models for analyses based on the adjustment method alone, 142 

for which the necessary variables are available (Table S1). 143 

 144 

Cloud radiative diagnostics are evaluated on a global 2.5° × 2.5° latitude–longitude grid to 145 

facilitate spatially resolved trend analysis while maintaining adequate sampling across cloud 146 

regimes in CTP–COD space. All other gridded fields are retained at their original 1° × 1° 147 

resolution. 148 

 149 



 

 

3. Materials and Methods 150 

3.1. Radiative Kernel Framework 151 

Radiative kernels, originally introduced by Soden and Held (2006), are precomputed radiative 152 

sensitivities that quantify how TOA fluxes respond to small perturbations in well-defined climate 153 

state variables such as surface albedo, water vapor, and temperature. For a given non-cloud 154 

variable ݔ, the all-sky TOA radiative response dR௫ is approximated as 155 

 156 

dR௫ =
߲R߲𝜕𝜕 dݔ =  157 (1)          ,ݔ௫dܭ

  158 

where ܭ௫ is the radiative kernel (all-sky TOA flux change associated with a small perturbation in 159 ݔ) and dݔ is the actual anomaly in state variable ݔ. Clear-sky radiative responses are estimated 160 

analogously using clear-sky kernels, yielding dR௫clr =  161 .ݔ௫clr dܭ

 162 

These relationships form the basis of the adjustment method. We express the adjusted cloud 163 

radiative response, dRcld-Adj, as 164 

 165 

dRcld-Adj = dCRE − ���dR௫ − dR௫clr�௫ + �IRF − IRFclr�� ,          (2) 166 

 167 

where dCRE is the anomaly in cloud radiative effect, defined as the difference between all-sky and 168 

clear-sky TOA flux anomalies (downward positive). The bracketed term represents the cloud-169 

masking correction associated with contemporaneous non-cloud perturbations, reflecting that 170 



 

 

changes in non-cloud variables affect all-sky and clear-sky fluxes differently in the presence of 171 

clouds. Here, IRF  and IRFclr  are the all-sky and clear-sky instantaneous radiative forcing, 172 

respectively. In the radiative kernel framework, IRFclr is diagnosed as the clear-sky residual, that 173 

is, the portion of the clear-sky radiative change not explained by the surface albedo, water vapor, 174 

and temperature kernel terms. The all-sky forcing, IRF, is then estimated by scaling this clear-sky 175 

residual to account for cloud masking. In practice, the physical interpretation of this term differs 176 

between the SW and LW, representing primarily aerosol direct effects in the SW and well-mixed 177 

greenhouse gas forcing, especially CO2, in the LW (Kramer et al., 2021). 178 

 179 

As an independent benchmark for evaluating radiative-kernel-based adjustment estimates of cloud 180 

radiative responses, we also use the partial radiative perturbation (PRP) estimate based on CERES 181 

EBAF Edition4.2.1 provided by Loeb et al. (2025). In the PRP framework, individual non-cloud 182 

contributors to TOA radiative flux (e.g., surface albedo, water vapor, temperature, aerosols, trace 183 

gases, and solar irradiance) are perturbed one at a time within a radiative transfer model while all 184 

other components are held fixed (Wetherald and Manabe, 1988; Thorsen et al., 2018). This 185 

approach directly diagnoses the radiative impact of each perturbation without relying on a linear 186 

approximation about a reference state. It is important to note that in both the radiative-kernel and 187 

PRP frameworks, “aerosol effects” refer to aerosol–radiation interactions (direct scattering and 188 

absorption of sunlight), not aerosol–cloud microphysical interactions, which are implicitly 189 

included in the cloud contribution. 190 

 191 

In this study, we use radiative kernels from the CloudSat/CALIPSO-derived observational 192 

framework of Kramer et al. (2019). Radiative fluxes at the TOA are taken from the CERES FBCT 193 



 

 

Edition 4.1 product (Sun et al., 2022). Surface albedo is taken from CERES EBAF Edition 4.2 194 

(Loeb et al., 2018). Specific humidity and temperature profiles are obtained from the ERA5 195 

reanalysis (Hersbach et al., 2020), and surface temperature from GISTEMP v4 (Lenssen et al., 196 

2019).  197 

 198 

3.2. Cloud Radiative Kernel Framework 199 

Cloud radiative kernels (CRKs) provide a CTP–COD histogram framework, representing the TOA 200 

radiative response to a 1% change in cloud fraction within each cloud type (Zelinka et al., 2012a; 201 

Zhou et al., 2013; Yue et al., 2016; Zhang et al., 2021; Sun et al. 2022).  202 

 203 

In the CERES-FBCT implementation, CRKs are provided on a 7 × 6 CTP–COD binning and are 204 

derived from sub-footprint radiative transfer calculations using MODIS cloud retrievals collocated 205 

with CERES radiances (Sun et al., 2022). The CRK for each CTP–COD bin is defined as the 206 

difference between the overcast-sky TOA flux for that cloud type and the corresponding clear-sky 207 

TOA flux (downward positive), normalized by 100% cloud fraction, (Rovc − Rclr)/100% (units: 208 

W m-2 %-1). In this study, we use the 2003–2022 climatological mean kernels. The annual-mean, 209 

global-mean shortwave (SWCRK) and longwave (LWCRK) cloud radiative kernels are shown in 210 

Fig. S1. 211 

 212 

In this framework, the cloud radiative response in each cloud-type bin is estimated as the product 213 

of the cloud radiative kernel and the change in cloud fraction: 214 

 215 

dRcld-CRK௜  =  CRK௜  ×  dCF௜ ,          (3) 216 



 

 

 217 

where CRK௜ is the cloud radiative kernel for cloud type ݅, dCF௜ is the cloud fraction anomaly, and 218 ݅  indexes the 42 CTP–COD bins. Because the kernels are computed under climatological 219 

atmospheric and surface conditions, the resulting radiative changes are attributable solely to 220 

changes in cloud fraction and do not include clear-sky radiative changes (Zelinka et al., 2012a). 221 

Summing over all bins yields the total dRcld-CRK , which are then compared with the 222 

corresponding adjustment-based estimates. 223 

 224 

We also use the Zhou et al. (2013) cloud radiative kernels (hereafter Z13) as an alternative to 225 

support the robustness of our results (Text S2). Z13 computed kernels on a 7 × 7 CTP–COD space 226 

using zonal-mean temperature, humidity, and ozone profiles from ERA-Interim over 2000–2010 227 

and radiative transfer calculations applied to an ISCCP-like CTP–COD discretization. The 228 

SWCRK was first calculated for discrete surface-albedo bins and then mapped to individual grid 229 

cells using CERES EBAF Edition 4.2 surface albedo, yielding a spatially varying shortwave 230 

kernel. In contrast, the LWCRK was spatially expanded from a zonal-mean kernel. Because FBCT 231 

reports cloud properties only for optical depths greater than 0.25, owing to larger retrieval 232 

uncertainties for very thin clouds (Minnis et al., 2011; Sun et al. 2022), we omit the thinnest COD 233 

bin (0–0.3) from the Z13 CRKs and use six COD bins for consistency with FBCT. Excluding this 234 

bin has been shown to have a negligible impact on cloud feedback estimates and is therefore 235 

unlikely to affect the trend estimates examined here (Chao et al., 2024). 236 

 237 

3.3. CMIP6 Analysis 238 

For consistency with the observational analysis, we use the same CloudSat/CALIPSO radiative 239 



 

 

kernels introduced by Kramer et al. (2021) to compute dRcld-Adj. We estimate dRcld-CRK  using 240 

the cloud radiative kernels derived from CERES FBCT (Sun et al., 2022) together with model-241 

simulated cloud fraction resolved in CTP–COD space. In addition, we apply the independent CRK 242 

formulations of Z13 to assess the robustness of the results to kernel choice. 243 

 244 

To ensure statistical independence and to sample a wide range of forcing environments, we 245 

compute linear trends over nine non-overlapping 20-year periods. Eight periods are drawn from 246 

the historical simulations spanning 1855–2014, encompassing intervals with varying greenhouse 247 

gas forcing, aerosol loading, and volcanic influences. An additional period covering 2003–2022 is 248 

constructed using concatenated historical through 2014 and SSP2-4.5 simulations for 2015–2022, 249 

thereby matching the observational record. Only three models (GFDL-CM4, HadGEM3-GC31-250 

LL, and IPSL-CM6A-LR) provide the necessary variables for this recent period. The use of 251 

multiple independent 20-year segments allows the relationship between dRcld-Adj  and 252 

dRcld-CRK to be assessed across diverse climatic states and forcing conditions.  253 

 254 

For the CMIP6 analysis based on the FBCT-derived CRKs, an additional preprocessing step is 255 

required because the FBCT kernels are defined only where the corresponding observed cloud-type 256 

information is available, leaving missing values in some grid cells. To produce a spatially complete 257 

kernel fields and make the FBCT-based analysis directly comparable to the Z13 CRKs, we first 258 

fill missing values using the zonal-mean kernel at the same latitude. In the few cases where missing 259 

values remain within individual CTP–COD bins, we further infill them using CTP-mean kernel 260 

values at the same COD for the shortwave and COD-mean kernel values at the same CTP for the 261 

longwave. This approach is motivated by the fact that the SWCRK depends primarily on COD and 262 



 

 

is relatively insensitive to CTP, whereas the LWCRK depends primarily on CTP and is relatively 263 

insensitive to COD (Fig. S1). This infilling approach preserves the large-scale spatial structure of 264 

the kernels while avoiding artificial discontinuities associated with missing grid cells. 265 

 266 

3.4. Albedo Diagnostics Over Invariant Earth Targets 267 

To evaluate radiometric stability in CERES observations, we examine three widely used invariant 268 

Earth targets: deep convective clouds (DCCs), Libya-4, and Dome C. DCCs are commonly used 269 

as a benchmark for long-term satellite stability tests because they are optically thick, highly 270 

reflective, nearly Lambertian targets with relatively small natural variability and weak sensitivity 271 

to lower-tropospheric aerosol perturbations. Libya-4 and Dome C are also widely used invariant 272 

surface targets in calibration studies: Libya-4 is a bright, spatially homogeneous desert target, 273 

while Dome C is a stable high-albedo snow surface over Antarctica. 274 

 275 

Following Shankar et al. (2023), we identify DCCs in CERES SSF using strict selection criteria. 276 

A footprint is classified as a DCC target if it satisfies all of the following: (1) ocean surface; (2) 277 

30°S–30°N; (3) mean cloud top temperature < 205 K; (4) viewing zenith angle < 40° and solar 278 

zenith angle < 40°; (5) 100% cloud fraction; and (6) filtered window-channel radiance < 1 W m-2 279 

sr-1 μm-1. These criteria are intended to minimize contamination from thin cirrus, mixed cloud 280 

scenes, and angular effects while retaining the most radiometrically stable DCC targets. 281 

 282 

For the surface targets, we use Libya-4 centered near 28.5°N, 23.4°E and Dome C centered near 283 

75.1°S, 123.4°E. In each case, targets are selected from CERES footprints falling within an 284 

approximately 20 km × 20 km box centered on the site under clear-sky conditions and with viewing 285 



 

 

zenith angle < 40°. For Dome C, an additional solar zenith angle constraint of < 80° is applied. For 286 

high-resolution imagers such as MODIS, calibration studies over Libya-4 and Dome C often apply 287 

an explicit bidirectional reflectance distribution function (BRDF) correction to account for angular 288 

reflectance variations (Wu et al., 2013; Doelling et al., 2015). In CERES SSF, however, the 289 

reported TOA fluxes are obtained from measured radiances using CERES angular distribution 290 

models (ADMs). We therefore use the CERES TOA flux product directly, while noting that these 291 

ADMs are scene-type-based anisotropy corrections rather than site-specific BRDF models for 292 

Libya-4 or Dome C.  293 

 294 

For all three targets, albedo is computed from the filtered footprint set as  295 

 296 

targetߙ =
0ܵ0ߤSWܯ ,          (4) 297 

 298 

where ܯSW is the TOA reflected shortwave flux, 0ߤ = cos (0ߠ), 0ߠ is the solar zenith angle, and 299 ܵ0 is the incident solar irradiance at the TOA (≈1361 W m-2) from the Total Irradiance Monitoring 300 

instrument on SORCE or TSIS (Shankar et al., 2023). Footprint-level ߙtarget  values are then 301 

aggregated to monthly means to quantify target variability and long-term trends. For Dome C, 302 

annual means are used instead of monthly means because polar night prevents year-round sampling. 303 

 304 

3.5. Longwave and Window-Channel TOA Fluxes: Daytime-minus-Nighttime Differences 305 

Trends in the daytime-minus-nighttime differences in LW and window (WN) TOA radiative fluxes, 306 �LWday − LWnight) − (WNday −WNnight� , provide a diagnostic of possible drifts in the SW 307 



 

 

channel or in the SW component of the total (TOT) channel (Loeb et al., 2012; Loeb et al., 2016). 308 

This diagnostic is based on the fact that nighttime LW radiances are measured directly from the 309 

TOT channel, whereas daytime LW radiances are inferred from the difference between the TOT 310 

and SW channels. Because daytime LW flux depends on separating the SW contribution from the 311 

TOT signal, any calibration drift in the SW channel, or error in the SW correction applied to the 312 

TOT channel, can introduce artificial trends in the inferred daytime LW flux. Such artifacts may 313 

appear as spurious long-term changes in the daytime-minus-nighttime LW contrast. The WN 314 

channel provides an additional, largely independent constraint because it primarily measures 315 

thermal emission in the atmospheric window region and therefore captures changes in the diurnal 316 

cycle of longwave radiation. Differences between LW and WN day-minus-night contrasts can thus 317 

be used to assess whether apparent LW changes reflect true geophysical variability or instead arise 318 

from possible long-term radiometric drift. 319 

 320 

Using CERES SSF data, we separate daytime and nighttime TOA fluxes and aggregate them onto 321 

monthly 1∘ × 1∘grids. We then analyze monthly anomalies in the daytime-minus-nighttime LW 322 

and WN fluxes and their linear trends over 2003–2022.  323 

 324 

4. Results 325 

4.1. Discrepancies in Observed Cloud Radiative Trends 326 

Figure 1 shows the spatial distributions of the linear trends in the cloud radiative response, dRcld, 327 

over 2003–2022. Overall, the adjustment-based estimate, dRcld-Adj, and the cloud radiative kernel 328 

estimate, dRcld-CRK , exhibit remarkably similar spatial structures. In the shortwave, both 329 

methods capture the major regional features, with a spatial correlation of ݎ = ݌) 0.94 < 0.001). 330 



 

 

A similarly strong correspondence is found in the longwave, with a spatial correlation of ݎ = 0.88 331 

݌) < 0.001). After removing the linear trends, the detrended global-mean monthly anomalies also 332 

remain highly correlated in both the shortwave and longwave ( ݎ = 0.92  and ݎ = 0.88 , 333 

respectively; both ݌ < 0.001 ), indicating that the two independent frameworks capture similar 334 

temporal variability as well. 335 

 336 

Despite this strong agreement in spatial structure and temporal variability, the global-mean trends 337 

differ substantially between the two methods. In the shortwave, the trend in dSWcld-Adj is 0.413 338 

± 0.106 W m-2 decade-1, whereas the corresponding trend in dSWcld-CRK is 0.139 ± 0.099 W m-2 339 

decade-1 (95% confidence), accounting for only about one-third of the dSWcld-Adj  trend. A 340 

similarly pronounced discrepancy is found in the longwave. The trend in dLWcld-Adj is –0.283 ± 341 

0.076 W m-2 decade-1, compared with –0.047 ± 0.061 W m-2 decade-1 for dLWcld-CRK  (95% 342 

confidence). Thus, the discrepancy between the two approaches arises primarily from differences 343 

in global-mean trend magnitude rather than from differences in the regional structure or temporal 344 

variability of the cloud radiative response. 345 

 346 

This difference is seen more clearly in Fig. 1c,f, which show the residual trends defined as 347 

dRcld-Adj  minus dRcld-CRK . The residuals exhibit a near-uniform positive signal in the 348 

shortwave and a corresponding negative signal in the longwave over much of the globe, 349 

particularly over the oceans. Their global-mean magnitudes are substantial, reaching 0.275 W m-2 350 

decade-1 in the shortwave and −0.236 W m-2 decade-1 in the longwave, and in both cases exceeds 351 

the magnitude of the CRK-based trends. Compared with the shortwave residual, the longwave 352 

residual appears somewhat more spatially heterogeneous, likely reflecting the greater sensitivity 353 



 

 

of longwave cloud radiative responses to uncertainty in non-cloud contributions, especially those 354 

associated with water vapor and temperature. By contrast, shortwave non-cloud contributions from 355 

surface albedo and water vapor are relatively small. Nevertheless, the residuals remain spatially 356 

coherent on global scales. This behavior is difficult to reconcile with physically driven cloud 357 

changes alone, which would be expected to produce stronger regional structure. 358 

 359 

To assess whether this discrepancy could instead reflect uncertainty in the radiative-kernel-based 360 

adjustment framework, we compare dRcld-Adj with an independent estimate derived from the PRP 361 

framework (Fig. S2). The two adjustment-based estimates exhibit highly consistent interannual 362 

variability and long-term trends, both indicating increased absorption of solar radiation and 363 

reduced emission of terrestrial radiation associated with cloud changes. In the shortwave, the trend 364 

in dSWcld-Adj is 0.413 ± 0.106 W m-2 decade-1 using radiative kernels and 0.412 ± 0.116 W m-2 365 

decade-1 using PRP (95% confidence). In the longwave, the corresponding trends are −0.283 ± 366 

0.076 W m-2 decade-1 and −0.223 ± 0.062 W m-2 decade-1. This close agreement indicates that the 367 

adjustment-based estimate is robust across CERES products and across distinct approaches for 368 

accounting for non-cloud radiative contributions (i.e., radiative kernel vs PRP).  369 

 370 

This interpretation, however, comes with an important caveat. dRcld-Adj is not a directly observed 371 

quantity. Rather, it is diagnosed as a residual by removing cloud-masking effects associated with 372 

non-cloud perturbations from dCRE. The adjustment framework therefore assumes that non-cloud 373 

contributions are accurately isolated and removed and that the underlying observed dCRE trends 374 

are sufficiently stable. Any uncertainty in the radiative flux record can therefore project directly 375 

onto the inferred dRcld-Adj. The near-uniform residuals in Fig. 1c,f, together with the residual 376 



 

 

nature of the adjustment estimate itself, therefore motivate a set of consistency checks to determine 377 

whether the mismatch reflects expected methodological differences or unresolved uncertainty in 378 

the observational record. 379 

 380 

Figure 1. Spatial distributions of linear trends in the shortwave (ܔ܋܅܁܌𝐜𝐜) and longwave 381 

 cloud radiative response over 2003–2022, derived using the adjustment (Adj) and 382 (𝐜𝐜ܔ܋܅ۺ܌)

cloud radiative kernel (CRK) methods. Trends in (a) dSWcld-Adj and (b) dSWcld-CRK, and (c) 383 

their difference (Adj minus CRK). (d–f) As in (a–c), but for the dLWcld. Global-mean values are 384 

reported in the lower-left corner of each map. Positive values indicate an increase in downward 385 

radiative response at the top of the atmosphere. In the shortwave, this corresponds to increased 386 

absorption (reduced reflection), whereas in the longwave it corresponds to reduced outgoing 387 

thermal radiation. Negative values indicate the opposite. 388 

 389 

(a) (b) (c) 

(d) (e) (f) 



 

 

4.2. Insights from CMIP6 results 390 

The relationship between dRcld-Adj and dRcld-CRK has been examined extensively in studies of 391 

cloud feedback under idealized forcing, such as increase in CO2 concentration or prescribed sea 392 

surface temperature perturbations, where the two approaches are typically expected to yield 393 

comparable estimates of the cloud feedback (e.g., Zelinka et al. 2012a). Here, we extend this 394 

comparison to CMIP6 historical simulations and to trend analysis, where multiple forcings—395 

including greenhouse gases, aerosols, and volcanic eruptions—evolve simultaneously, more 396 

closely resembling the observational record. Specifically, we evaluate consistency between the 397 

trends in dRcld-Adj and dRcld-CRK across nine independent 20-year windows beginning in 1855. 398 

 399 

Figure 2 shows that, despite the complexity of the historical forcing environment, the two methods 400 

produce broadly consistent 20-year trends in both shortwave and longwave cloud radiative 401 

response across most periods. The multi-model mean for each window generally lies near the 1:1 402 

line and within the two-sided 95% confidence envelope, indicating that dRcld-Adj and dRcld-CRK 403 

capture similar multidecadal variability in cloud radiative changes. Importantly, repeating the 404 

analysis with the alternative cloud radiative kernels from Z13 yields the same qualitative 405 

conclusions (Fig. S3) and brings the relationship into even closer agreement with the 1:1 line than 406 

the FBCT-based CRKs. This improvement may partly reflect differences in the underlying kernel 407 

construction and cloud-regime sensitivities between the two CRK products (Text S2). 408 

 409 

A notable exception occurs for the 1975–1994 shortwave trend (Fig. 2a), during which the two 410 

methods diverge more strongly. This period includes the 1991 Mount Pinatubo eruption, which 411 

injected large amounts of sulfate aerosol into the stratosphere, increased planetary shortwave 412 



 

 

reflection through aerosol scattering, and resulted in a pronounced transient cooling (e.g., Minnis 413 

et al., 1993; McCormick et al., 1995). During this period, dSWcld-Adj exhibits a more negative 414 

trend than dSWcld-CRK, reflecting the enhanced shortwave reflection associated with aerosols that 415 

is not attributable to cloud changes (Fig. S4). Because dSWcld-Adj is diagnosed as a residual after 416 

removing kernel-estimated non-cloud contributions from dSWCRE, any incomplete removal of 417 

aerosol direct effects—which are not explicitly represented in the radiative kernel framework—418 

can be aliased into the inferred cloud contribution. As a result, dSWcld-Adj may become biased 419 

toward more negative values than dSWcld-CRK  during periods of strong aerosol forcing. 420 

Consistent with this interpretation, shifting the analysis window to exclude the Pinatubo period 421 

(e.g., 1971–1990) restores much closer agreement between the two estimates.  422 

 423 

The observationally constrained estimates (red stars in Fig. 2), however, lie outside the model-424 

derived 95% confidence envelope about the 1:1 line. Although this offset may appear analogous 425 

to the Pinatubo-related divergence in the shortwave, it is unlikely to be explained solely by 426 

differences in the treatment of aerosol–radiation interactions. In particular, the radiative-kernel-427 

based adjustment estimate agrees closely with the PRP-based adjustment estimate (Fig. S2a), in 428 

which aerosol–radiation interactions are treated explicitly as a perturbing agent (Loeb et al., 2021; 429 

Loeb et al., 2025). This close agreement in the observed global-mean dSWcld-Adj trends therefore 430 

suggests that the observational discrepancy in Fig. 2a cannot be attributed simply to whether 431 

aerosol direct effects are treated explicitly or diagnostically.  432 

 433 

Moreover, aerosol trends are highly spatially heterogeneous, characterized by declining 434 

anthropogenic aerosol emissions in the Northern Hemisphere and increasing contributions from 435 



 

 

natural aerosols in the Southern Hemisphere (Park and Soden, 2025). Given this pronounced 436 

heterogeneity, it is difficult to explain the difference between dSWcld-Adj and dSWcld-CRK as a 437 

near-uniform positive pattern. This contrast is especially evident when compared with the Pinatubo 438 

case, in which the radiative perturbation exhibits strong regional structure (Fig. S5).  439 

 440 

The longwave divergence shown in Fig. 2b is even more difficult to explain in terms of a clear 441 

physical mechanism. Part of this divergence could reflect non-cloud contributions that are not fully 442 

excluded by the adjustment framework. This issue may be particularly important in the longwave, 443 

where the radiative response is more sensitive to water vapor and temperature, and thus to 444 

uncertainty in cloud-masking corrections. Nevertheless, the residual remains spatially coherent on 445 

global scales. Taken together, these results motivate further examination of potential observational 446 

uncertainties that could project onto satellite-era cloud radiative trends. 447 

 448 

Figure 2. Comparison of 20-year trends in cloud radiative response from adjustment 449 

 methods in CMIP6 historical simulations for (a) SW and 450 (𝐜𝐜-CRKܔ܋܀܌) and CRK (𝐜𝐜-Adjܔ܋܀܌)

(b) LW. Each scatter corresponds to a model, with colors indicating the 20-year analysis window 451 

spanning 1855–2014 (nine periods total). Black-outlined scatters denote the multi-model mean for 452 

(a) (b) 



 

 

each period. The solid black line indicates the 1:1 relationship, and the blue shading shows the 453 

95% confidence envelope about the 1:1 line. The red star marks the estimate derived from satellite 454 

observations (OBS) over 2003–2022. Note that for the 2003–2022 comparison, only three CMIP6 455 

models provide the required variables (GFDL-CM4, HadGEM3-GC31-LL, and IPSL-CM6A-LR), 456 

whereas 14 models are available for the pre-2014 periods (Table S1). The inset in (a) shows the 457 

1971–1990 period separately to illustrate the relationship when the analysis window excludes the 458 

1991 Mount Pinatubo eruption. For consistency with the observational estimate, the same radiative 459 

kernels (Kramer et al., 2019) and the FBCT-derived cloud radiative kernels (Sun et al., 2022) are 460 

used.  461 

 462 

4.3. Multiple Lines of Evidence for Drift in Satellite Measurements 463 

4.3.1 Trends in the Cloud Radiative Kernels 464 

A fundamental assumption underlying the cloud radiative kernel framework is that the kernel is 465 

time-invariant, representing a fixed radiative sensitivity of TOA flux to a unit change in cloud 466 

fraction for a given cloud type. Under this assumption, temporal changes in cloud radiative 467 

response should arise from changes in cloud properties, such as cloud fraction, optical depth, or 468 

vertical distribution, rather than from systematic changes in the kernel itself.  469 

 470 

In the FBCT implementation, we diagnose temporal changes in the kernel by computing the time-471 

varying anomalies in (Rovc − Rclr)/100%  relative to the climatological-mean CRK, denoted 472 

dCRK. Figure 3a shows that trend in dSWCRK is weak but broadly positive values across much of 473 

the globe, consistent with a reduction in shortwave reflectance over overcast clouds, alongside 474 



 

 

modest negative trends in a few regions (e.g., East Asia and the southeastern Pacific). Similarly, 475 

trends in dLWCRK is weak but broadly negative across much of the globe (Fig. 3e), implying that 476 

overcast clouds become less effective at reducing outgoing longwave radiation at the top of the 477 

atmosphere. 478 

 479 

This pattern persists when the kernels are separated into low (CTP>680hPa), mid (680-440 hPa), 480 

and high (CTP<440 hPa) clouds (Fig. 3), indicating that the dCRK trends are not confined to a 481 

single cloud regime. In the shortwave, all three cloud categories show broadly similar positive 482 

spatial structures, suggesting that the kernel change is vertically widespread rather than layer 483 

specific. In the longwave, the interpretation is less straightforward because longwave cloud 484 

radiative fluxes, even under overcast conditions, are more sensitive to non-cloud influences such 485 

as atmospheric water vapor and temperature. Part of the diagnosed dLWCRK trends may therefore 486 

reflect these contributions, particularly because the FBCT CRKs are derived in the presence of 487 

observed surface and meteorological variations rather than under fixed surface and atmospheric 488 

conditions, as is more typical of conventional CRK construction (Text S2). Even so, broadly 489 

coherent negative kernel trends are found in all cloud regimes. 490 

 491 

Figure S6 further shows that dSWCRK exhibits robust positive trends across nearly all cloud bins 492 

in CTP–COD space, with maximum values of approximately ~0.006 W m-2 %-1 decade-1, whereas 493 

dLWCRK shows broadly negative trends, with magnitudes reaching about ~−0.022 W m-2 %-1 494 

decade-1. Although these trends are small in absolute magnitude in individual CTP–COD bin, they 495 

can still exert a substantial influence on the cloud radiative effect when multiplied by the 496 

climatological-mean cloud fraction. Following Oreopoulos et al. (2026), this can be illustrated by 497 



 

 

expressing the cloud radiative effect in each bin as CRE௜ ≈ (R௜ovc − R௜clr)/100% × CF௜. A first-498 

order decomposition of anomalies about the climatological mean then gives 499 

 500 

dCRE௜  ≈ (CRK௜  ×  dCF௜) + (dCRK௜  ×  CF����௜),          (5) 501 

 502 

where ݅ indexes the CTP–COD bins, dCF௜ is the cloud fraction anomaly in each bin, and CF����௜is the 503 

climatological cloud fraction. Summing over all bins, the first term corresponds to dRcld-CRK by 504 

definition (Eq. 3), while the second term captures the contribution from temporal changes in the 505 

kernel itself (kernel-variability term). The covariance term dCRK ×  dCF is neglected because it 506 

has been shown to be negligible in similar analyses (Oreopoulos et al., 2026). 507 

 508 

In our analysis, the kernel-variability term contributes 0.167 ± 0.051 W m-2 decade-1 in the 509 

shortwave (Fig. 4a), accounting for a larger fraction of the estimated dSWCRE trend of 0.309 ± 510 

0.108 W m-2 decade-1 (Fig. 4b) than the first term, dSWcld-CRK (0.139 ± 0.099 W m-2 decade-1), 511 

at the 95% confidence level. In the longwave, the kernel-variability term is even larger, reaching 512 

−0.417 ± 0.038 W m-2 decade-1, and accounts for most of the estimated dLWCRE trend of −0.497 513 

± 0.073 W m-2 decade-1 (Fig. 4c,d). The spatial patterns of the kernel-variability term are also 514 

notable in being broadly coherent across much of the globe. By contrast, the more pronounced 515 

regional structure in the dCRE trends are more closely captured by the first term, dRcld-CRK (Fig. 516 

1b,e versus Fig. 4b,d). This indicates that temporal changes in the kernel contribute primarily to 517 

the global-mean trends, whereas the spatial variability is more closely tied to changes in cloud 518 

properties represented by the CRK-based estimates. Thus, non-zero dCRK trends imply that part 519 



 

 

of the inferred dCRE trends—and therefore part of residual-based dRcld-Adj trends—may arise 520 

from changes in the kernel itself.  521 

 522 

 523 

Figure 3. Spatial distributions of trends in ۱܌𝐝𝐝۹ over 2003–2022, separated by cloud top 524 

pressure. Trends in dSWCRK are shown for (a) all clouds, (b) low clouds (CTP>680hPa), (c) 525 

midlevel clouds (440-680hPa), and (d) high clouds (CTP<440hPa), respectively. (e–h) As in (a–526 

d) but for dLWCRK. In the shortwave, positive values indicate that a given increase in cloud 527 

fraction produces less reflected shortwave radiation. In the longwave, negative values indicate that 528 

a given increase in cloud fraction produces a smaller reduction in outgoing longwave radiation. 529 

 530 



 

 

Figure 4. Spatial distributions of trends over 2003–2022 in the kernel-variability term and 531 

diagnosed cloud radiative effect. (a) Trend in the shortwave kernel-variability term, defined as 532 

dSWCRK ×  CF���� and (b) the trend in diagnosed shortwave cloud radiative effect, dSWCRE. (c,d) 533 

As in (a,b), but for the longwave component. Global-mean values are reported in the lower-left 534 

corner of each map. 535 

 536 

4.3.2 Trends in Albedo Over Invariant Earth Targets and Their Radiative Imprint  537 

Albedo diagnostics over invariant Earth targets provide an independent test of long-term 538 

radiometric stability. Deep convective clouds (DCCs), Libya-4, and Dome C are widely used Earth 539 

targets for assessing radiometric drifts. After removing the annual cycle, we find statistically 540 

significant negative trends in DCC albedo of −0.104 ± 0.075 % decade-1 for Terra and −0.213 ± 541 

0.08 % decade-1 for Aqua over 2003–2022 (95% confidence; Fig. 5a). These estimates are 542 

consistent with Shankar et al. (2023), who reported −0.05 ± 0.08 % decade-1 for Terra and −0.15 543 

± 0.08 % decade-1 for Aqua over July 2002–July 2022. The negative DCC albedo trends indicate 544 

a small decrease in inferred reflectivity, consistent in sign with the dSWCRK trends diagnosed in 545 

(a) (b) 

(c) (d) 



 

 

Section 4.3.1.  546 

 547 

Figure 5c shows the Libya-4 results, and Fig. 5e shows the Dome C results. Both targets also 548 

exhibit consistently negative albedo trends, despite the more limited sampling associated with their 549 

small target size (20 km × 20 km). For Libya-4, the trends are −0.158 ± 0.083 % decade-1 for Terra 550 

and −0.271 ± 0.085 % decade-1 for Aqua (95% confidence). For Dome C, the corresponding trends 551 

are −0.160 ± 0.131 % decade-1 for Terra and −0.130 ± 0.122 % decade-1 for Aqua (95% confidence). 552 

 553 

Although these fractional drifts may have been interpreted as negligible, even weak systematic 554 

changes in reflectance can project onto inferred shortwave radiative trends when accumulated 555 

globally over multi-decadal periods. This motivates further work to place the target-albedo trends 556 

on a radiative footing. In particular, we convert the observed fractional changes in target albedo 557 

into equivalent perturbations in reflected shortwave flux. As a first-order approximation, we 558 

assume that fractional changes in planetary reflectivity scale with the fractional changes inferred 559 

from target albedo. Under this assumption, the shortwave response associated with target albedo 560 

variability can be written as 561 

 562 

dSWtarget = �ܳ × �ߙ × �dߙtargetߙtarget�������� � ,          (6) 563 

 564 

where �ܳ is the global-mean climatological incoming solar radiation at the top of the atmosphere 565 

(≈ 340 W m-2), and ߙ�  is the global-mean climatological planetary albedo (≈ 0.29), both from 566 

CERES EBAF Edition 4.2. Here, dߙtarget denotes the monthly anomalies in target albedo, while 567 ߙtarget��������  is the climatological mean target albedo. For Dome C, annual values are used because 568 



 

 

observations are unavailable during polar night. Although dSWtarget  represents reflected 569 

shortwave response at the TOA, it is expressed here using the downward-positive sign convention. 570 

 571 

The change in DCC albedo relative to its climatological mean, dߙDCC/ߙDCC������ , corresponds to a 572 

fractional reduction of about −0.002 ± 0.001 decade-1 for Terra and −0.003 ± 0.001 decade-1 for 573 

Aqua (95% confidence). Applying these small fractional changes to the global-mean reflected 574 

shortwave flux yields equivalent radiative perturbations of 0.150 ± 0.107 W m-2 decade-1 for Terra 575 

and 0.307 ± 0.115 W m-2 decade-1 for Aqua (Fig. 5b). Because the FBCT record combines Terra 576 

and Aqua observations, the corresponding mean estimate is approximately 0.229 W m-2 decade-1. 577 

These back-of-the-envelope calculations are necessarily approximate, but they show that even very 578 

small long-term changes in reflectivity can produce radiative perturbations comparable in 579 

magnitude to the residual shortwave trend (0.275 W m-2 decade-1) discussed in Section 4.1.  580 

 581 

The radiative imprints inferred from Libya-4 and Dome C are also consistently positive. For Lybia-582 

4, the estimated dSWtarget trends are 0.443 ± 0.228 W m-2 decade-1 for Terra and 0.755 ± 0.235 W 583 

m-2 decade-1 for Aqua (95% confidence; Fig. 5d). For Dome C, the corresponding values are 0.231 584 

± 0.189 W m-2 decade-1 for Terra and 0.188 ± 0.176 W m-2 decade-1 for Aqua (95% confidence; 585 

Fig. 5f). The relatively larger values inferred from Libya-4 may partly reflect additional influences 586 

from atmospheric components, such as precipitable water, ozone, and aerosols, as discussed by 587 

Doelling et al. (2024). Overall, all three invariant Earth targets show the statistically significant 588 

negative albedo trends and imply positive radiative perturbations of comparable order of 589 

magnitude.  590 

 591 



 

 

Importantly, Libya-4 and Dome C are clear-sky surface targets, whereas DCC is an overcast cloud 592 

target over ocean. The fact that all three exhibit negative albedo trends suggests that the signal is 593 

not unique to cloud scenes, but instead reflects a broader drift in CERES shortwave radiometry. 594 

Such drift could still affect shortwave cloud diagnostics, including SWCRE, which is defined as 595 

the difference between all-sky and clear-sky shortwave fluxes (downward positive). Although any 596 

drift common to both terms would partly cancel, scene-dependent differences between all-sky and 597 

clear-sky conditions could still project onto the dSWCRE trend. 598 

 599 

Figure 5. Albedo trends over invariant Earth targets and the corresponding implied reflected 600 

shortwave radiative trends. (a) Monthly anomalies in DCC albedo from CERES Terra (solid red) 601 

and Aqua (dashed green) over 2003–2022, with fitted linear trends. (b) Estimated reflected 602 

(a) (b) 

(c) (d) 

(e) (f) 



 

 

shortwave radiative trends (downward-positive) associated with the observed DCC albedo changes. 603 

Uncertainties represent 95% confidence intervals.  (c, e) Same as (a), but for Libya-4 and Dome 604 

C, respectively. (d, f) Same as (b), but for Libya-4 and Dome C, respectively. 605 

 606 

4.3.3 Day–Night Longwave and Window-Channel TOA Flux Differences  607 

Another independent diagnostic of possible radiometric drift is provided by day-minus-night 608 

differences in the LW and WN channels at TOA. During daytime, the CERES LW flux is derived 609 

as the difference between the TOT and SW channels, whereas during nighttime the LW flux is 610 

derived directly from the TOT channel. In contrast, the WN channel provides a more direct 611 

measure of longwave emission and is expected to capture any real diurnal-cycle changes in LW 612 

radiation. Comparing the day-minus-night differences in the LW and WN fluxes therefore provides 613 

a useful consistency check on possible drift in the SW channel or in the SW component of the 614 

TOT channel. In particular, we define the double difference as �LWday − LWnight) − (WNday −615 

WNnight�, which should remain near zero if the daytime LW retrievals are stable relative to the 616 

WN channel. Using this diagnostic, Loeb et al. (2012) identified evidence of satellite drift during 617 

the first few years after launch. 618 

 619 

Figure 6 shows the day-minus-night differences in the LW and WN TOA fluxes. The LW record 620 

exhibits a clear positive trend prior to June 2020 (0.106 ± 0.07 W m-2 decade-1 for Terra and 0.073 621 

± 0.08 W m-2 decade-1 for Aqua (95% confidence; Fig. 6a). Because outgoing longwave radiation 622 

is plotted here using the positive-upward sign convention, the positive LW trend is consistent in 623 

sign with a positive trend in downward shortwave radiative response. A pronounced drop is evident 624 

in both Terra and Aqua after May 2020, consistent with the issue noted by Shankar et al. (2023). 625 



 

 

They reported that updates to the TOT channel spectral response functions (SRFs), which 626 

characterize the wavelength-dependent sensitivity of the instrument and are used to convert 627 

measured radiances into broadband TOA fluxes, were halted in May 2020, producing a detectable 628 

departure from the earlier long-term behavior. They further noted that this issue is expected to be 629 

addressed in Edition 5, which will restore monthly SRF updates. By contrast, the WN fluxes 630 

remain relatively stable over the full 20-year period (Fig. 6b).  631 

 632 

To better isolate possible drift-related behavior, we examine the double difference (Fig. 7a). This 633 

quantity exhibits a statistically significant positive trend in both Terra and Aqua up to May 2020. 634 

Terra shows a trend of 0.149 ± 0.061 W m-2 decade-1, while Aqua shows 0.129 ± 0.065 W m-2 635 

decade-1 (95% confidence). These results indicate that, even before the discontinuation of monthly 636 

SRF updates, a small but statistically significant drift was already present. The positive pre-2020 637 

trend in this diagnostic is therefore consistent with a positive drift in daytime SW flux and a 638 

negative daytime drift in LW flux under the downward-positive convention, in agreement with the 639 

independent radiometric stability diagnostics discussed in earlier sections. Over the full 2003–640 

2022 period, Terra shows a trend of 0.239 ± 0.053 W m-2 decade-1, while Aqua shows –0.039 ± 641 

0.07 W m-2 decade-1 (95% confidence), reflecting the influence of the post-2020 discontinuity. 642 

Nevertheless, Terra still exhibits a statistically significant positive trend. 643 

 644 

The spatial pattern of this diagnostic is broadly consistent with previous CERES calibration 645 

analyses, with positive trends over many land and extratropical regions and weaker or negative 646 

trends over the tropics and subtropics (Fig. 7b,c). Loeb et al. (2016) likewise reported pronounced 647 

positive trends in the double difference over the Saharan desert and explained that they most likely 648 



 

 

reflect errors in the daytime shortwave retrieval. The strong positive anomalies over bright desert 649 

surfaces further suggest that the large positive radiative imprint inferred from Libya-4 in Section 650 

4.3.2 may also reflect calibration-related drift associated with shortwave radiometry, in addition to 651 

atmospheric influences on the target itself. 652 

 653 

Although these diagnostics cannot be compared directly in magnitude with cloud radiative trend 654 

estimates, because they involve different quantities, they nevertheless provide clear evidence of 655 

drift in the satellite radiative record. This is especially relevant for FBCT, which relies exclusively 656 

on daytime fluxes and may therefore be particularly sensitive to such drift. These results therefore 657 

provide further support for the interpretation that subtle radiometric instability may project onto 658 

satellite-era cloud radiative trends. 659 

 660 

Figure 6. Global-mean monthly anomalies in daytime-minus-nighttime TOA radiative fluxes 661 

over 2003–2022 for (a) LW and (b) WN TOA fluxes. Red solid lines denote Terra, and green 662 

(a) 

(b) 



 

 

dashed lines denote Aqua. The vertical black line marks May 2020, when the spectral response 663 

function updates were halted; linear trends fitted through that date are shown, with uncertainties 664 

indicating the 95% confidence interval. 665 

 666 

 667 

Figure 7. Trends in the difference between daytime-minus-nighttime LW and WN TOA fluxes. 668 

(a) Global-mean monthly anomalies in LW (day–night) minus WN (day–night) for Terra (red solid) 669 

and Aqua (green dashed) over 2003–2022. The vertical black line marks May 2020, when the 670 

spectral response function updates were halted; linear trends fitted through that date are shown, 671 

with uncertainties indicating the 95% confidence interval. Spatial distribution of the linear trend 672 

in LW (day–night) minus WN (day–night) over January 2003–May 2020 for (b) Terra and (c) 673 

Aqua. Global-mean values are reported in the lower-left corner of each map. Small differences 674 

(a) 

(b) (c) 



 

 

between the global-mean trends in (a) and those for the corresponding satellites in (b,c) arise from 675 

missing daytime and nighttime retrievals over high-latitude regions. 676 

 677 

4.4. Implications for Net Cloud Radiative Trends and Earth’s Energy Imbalance Trends 678 

Multiple lines of evidence presented in Section 4.3 point to subtle but statistically significant drift 679 

in the satellite radiative record. Although small in absolute magnitude, such drifts can become 680 

radiatively important if they project onto cloud radiative effect and, in turn, onto adjustment-based 681 

cloud radiative response. The CRK-based estimates, by contrast, appear less sensitive to these 682 

drifts and therefore provide a useful benchmark for isolating the physically meaningful cloud 683 

signal. In this section, we further interpret these findings by comparing the observations with 684 

model-simulated cloud radiative trends and by examining their implications for recent changes in 685 

Earth’s energy imbalance. 686 

 687 

Because the adjustment and CRK frameworks are broadly consistent across multiple 20-year 688 

periods in the CMIP6 historical simulations (Section 4.2), we use adjustment-based estimates from 689 

a larger sample of 44 CMIP6 models over 2003–2022 (Table S1) as a benchmark for evaluating 690 

the observed trends. Figure 8a compares the observed cloud radiative trends with the model-691 

simulated distributions in the shortwave, longwave, and net. In the shortwave, the adjustment-692 

based estimate falls near the edge of the one-standard-deviation range, whereas the CRK-based 693 

estimate lies closer to the multi-model mean. Even so, both remain within the overall model spread, 694 

suggesting that the magnitude of the observed shortwave cloud trend is not unusual relative to the 695 

range of internal variability and forced responses simulated by the models. In contrast, the 696 

observed longwave cloud radiative trend derived from adjustment method lies well outside the 697 



 

 

model range. This indicates that the observed longwave trend from adjustment method is not only 698 

large in magnitude, but also difficult to reconcile with the cloud radiative trends simulated by 699 

models. In comparison, the CRK-based longwave estimate, as in the shortwave, shows 700 

substantially better agreement with the model-simulated distribution. 701 

 702 

The implications for the net cloud radiative trend are particularly noteworthy. As discussed in 703 

Section 4.1, the residuals between the adjustment- and CRK-based cloud radiative trends are 704 

similar in magnitude but opposite in sign in the shortwave and longwave (0.275 W m-2 decade-1 705 

versus −0.236 W m-2 decade-1). Section 4.3.3 further suggests that part of the daytime longwave 706 

drift may arise from the same shortwave-related bias, thereby producing compensating errors 707 

between the two components. As a result, the net cloud radiative trends remain relatively 708 

insensitive to the choice of observational method: the adjustment- and CRK-based estimates are 709 

both close to the model mean and lie within approximately one standard deviation of the model 710 

distribution (Fig. 8a). This suggests that observational uncertainty primarily affects the partitioning 711 

of the cloud radiative trend into its shortwave and longwave components, while having a much 712 

smaller influence on the net cloud radiative response.  713 

 714 

A similar conclusion emerges for the all-sky TOA radiative flux trends (Fig. 8b). The observed 715 

shortwave TOA flux trend is larger than the model mean, but after applying the residual-based 716 

adjustment, the revised estimate shifts closer to the mean of the model distribution. In the longwave, 717 

the original observational estimate lies outside the one-standard-deviation range of the models, 718 

whereas the revised estimate falls well within the model spread. By comparison, the change in the 719 

net TOA radiative trend is much smaller, because the shortwave and longwave adjustments largely 720 



 

 

offset one another. Thus, these results suggest that accounting for subtle radiometric drift 721 

substantially reconciles the observed and simulated shortwave and longwave radiative trends, 722 

while leaving the net radiative imbalance comparatively unchanged. 723 

 724 

Figure 8. Distribution of model-simulated and observed radiative trends over 2003–2022 for 725 

cloud radiative responses and all-sky TOA fluxes. (a) Trends in shortwave, longwave, and net 726 

cloud radiative responses (dSWcld, dLWcld, and dRcld) from 44 CMIP6 models, diagnosed using 727 

the adjustment-based framework. (b) Corresponding model distributions for all-sky TOA 728 

shortwave, longwave, and net radiative flux trends (dSW, dLW, and  dR). Violin plots show the 729 

model distributions, black squares denote the multi-model mean, and black vertical lines indicate 730 

 about the model mean. In (a), red solid and dashed lines denote the observational estimates 731 ߪ±1

derived from the adjustment (Adj) and CRK frameworks, respectively. In (b), red solid lines denote 732 

the observational estimates from CERES EBAF Edition 4.2, and the red dashed lines denote the 733 

residual-adjusted estimates using the Adj–CRK differences shown in (a). Red numerical 734 

annotations indicate the magnitudes of the applied residual adjustments. 735 

 736 

(a) (b) 



 

 

5. Conclusions and Discussion 737 

This study examines the origin of the apparent discrepancy between observed and model-simulated 738 

cloud radiative trends inferred from the adjustment method and revisits the recent cloud radiative 739 

contribution to Earth’s energy imbalance (EEI) using an independent cloud radiative kernel (CRK) 740 

framework. We find that, although the CRK approach reproduces the broad spatial patterns and 741 

temporal variability of the adjustment-based estimates, it explains only a limited fraction of their 742 

global-mean shortwave and longwave trends over 2003–2022. The resulting residual is spatially 743 

widespread, positive in the shortwave, and negative in the longwave, a structure that is difficult to 744 

explain by physically plausible cloud changes alone. Multiple independent diagnostics—including 745 

trends in the cloud radiative kernels themselves, albedo changes over invariant Earth targets, and 746 

trends in daytime-minus-nighttime longwave and window-channel fluxes—consistently point to 747 

subtle but non-negligible radiometric drift in the satellite record. These results suggest that part of 748 

the apparent model–observation discrepancy in recent shortwave and longwave cloud radiative 749 

trends may arise from subtle observational drift, while the net cloud radiative contribution to EEI 750 

remains comparatively robust. 751 

 752 

This interpretation does not imply that the adjustment-based framework is without value. Rather, 753 

it suggests that interpreting adjustment-based trends requires careful assessment of observational 754 

stability, particularly when the inferred signal is decomposed into separate shortwave and 755 

longwave components. Uncertainty in satellite cloud retrievals also remains an important caveat, 756 

since the CRK-based framework depends on observed changes in cloud fraction across CTP–COD 757 

bins. While such uncertainties may influence the magnitude and regional structure of CRK-based 758 

trends, they do not readily explain the broad, compensating shortwave and longwave residual 759 



 

 

patterns documented here. In this sense, the adjustment and CRK approaches should be viewed as 760 

complementary: the adjustment framework remains useful for diagnosing total cloud radiative 761 

changes from observed TOA fluxes, while the CRK framework helps relate those radiative 762 

changes to observed changes in cloud-type distributions. 763 

 764 

The implications also extend to recent attempts to use the observed shortwave and longwave trends 765 

to constrain equilibrium climate sensitivity (ECS). For example, Myhre et al. (2025) argued that 766 

the observed combination of  strong positive shortwave and negative longwave trends may provide 767 

a constraint against the low-ECS models. By contrast, our results suggest that, once the residual 768 

biases identified here are taken into account, the adjusted SW and LW trends may be more 769 

consistent with the range of model-simulated behavior, including that of some lower-ECS models. 770 

This perspective aligns with the motivation of CERESMIP (Schmidt et al., 2023), which was 771 

proposed to assess the CERES-era EEI trend and its shortwave and longwave components using 772 

updated forcings and observed sea surface temperatures, while recognizing that agreement 773 

between models and observations is generally better for the net EEI trend than for its shortwave 774 

and longwave components considered separately. These findings highlight that interpreting the 775 

observed shortwave and longwave contributions to recent EEI trends requires not only physically 776 

based diagnostics but also careful evaluation of subtle observational uncertainties. 777 
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