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Abstract 11 

Planetary albedo is a key parameter of the planet’s energy balance, and its sustained 12 

decline contributes appreciably to present-day warming. Using CERES EBAF Ed4.2.1 13 

satellite data and the ERA5 reanalysis for March 2000 – December 2014, we evaluate the 14 

representation of planetary albedo by 51 CMIP6 models. According to CERES, global 15 

albedo declined by (1.20 ± 0.61)×10⁻³ per decade, of which (0.85 ± 0.48)×10⁻³ occurred 16 

under clear-sky conditions; the ERA5 trend is statistically indistinguishable from zero. 17 

The models systematically overestimate albedo (by 1.3% on average) and underestimate 18 

the observed darkening: over 2000–2014 the difference remains within internal 19 

variability, but over the extended 2000–2025 record it becomes statistically significant 20 

(−(1.05 ± 0.15) versus −(2.46 ± 0.33)×10⁻³ per decade). An objective selection procedure 21 

based on median-normalized climatological metrics and model genealogy identifies a 22 

nine-model ensemble that reduces the mean-albedo bias to +0.1% while preserving the 23 

trend magnitude. In the selected ensemble’s projections, albedo decline continues under 24 

all ScenarioMIP scenarios: by 2091–2100, global albedo falls 0.0046–0.0116 below its 25 

2015–2024 level, equivalent to an additional ~1.6–3.9 W m⁻² of absorbed solar radiation; 26 

the largest changes occur at polar latitudes, and only under SSP1-2.6 does the decline 27 

level off. Over 2015–2025 the scenarios remain statistically indistinguishable in albedo, 28 

while the observed decline lies at the lower edge of the ensemble spread: only two of the 29 

36 scenario members darken at least as fast as observed. A faithful representation of 30 

cloud and cryospheric processes remains the primary prerequisite for reliable projections 31 

of Earth's radiation budget. 32 

Keywords: planetary albedo; CMIP6; CERES; model evaluation; model selection; 33 

Earth’s energy budget 34 



1. Introduction 35 

Planetary albedo is the fraction of incoming solar radiation reflected by the Earth back to 36 

space (on average about 29%); it determines the energy input to the climate system. Even 37 

a change in planetary albedo of a fraction of a percent can substantially affect the planet’s 38 

energy balance (Stephens et al. 2015). The magnitude and variability of albedo are 39 

governed primarily by cloud cover, which accounts for the largest part of the reflection, 40 

and by the surface—above all snow and ice. At the same time, the surface contribution to 41 

planetary albedo is attenuated by the atmosphere by roughly a factor of three (Donohoe 42 

and Battisti 2011). 43 

A quarter century of continuous CERES satellite measurements of the radiation budget 44 

(Wielicki et al. 1996; Loeb et al. 2018) has revealed a sustained "darkening" of Earth: 45 

reflected shortwave radiation is decreasing while absorbed radiation is increasing, and it 46 

is the shortwave component that drives the doubling of Earth's energy imbalance since 47 

the early 2000s (Stephens et al. 2022; Loeb et al. 2024; Mauritsen et al. 2025). The 48 

albedo decline is corroborated by independent earthshine observations (Goode et al. 49 

2021). The record warmth of 2023 is largely associated with an unprecedentedly low 50 

planetary albedo (Goessling et al. 2025); proposed mechanisms include the contraction of 51 

storm-cloud zones (Tselioudis et al. 2025), declining aerosol emissions (Quaas et al. 52 

2022; Hodnebrog et al. 2024), and cloud feedbacks. The causes of Earth's darkening, and 53 

whether climate models reproduce it, have become the subject of active debate (Schmidt 54 

et al. 2023; Hansen et al. 2025; Zelinka et al. 2026), making a systematic assessment of 55 

albedo in models particularly timely. 56 

CMIP6 models reproduce the planetary albedo climatology markedly better than previous 57 

model generations (Jian et al. 2020; Wild 2020; Bock et al. 2020), yet the inter-model 58 

spread in cloud properties remains the dominant source of uncertainty in climate 59 

sensitivity (Zelinka et al. 2020), and the ability of models to reproduce observed trends in 60 

reflected radiation has been tested only on small model subsets and global means (Loeb 61 

et al. 2020a) or through the lens of hemispheric albedo symmetry (Datseris and Stevens 62 

2021; Crueger et al. 2023). The recent review by Li et al. (2025) synthesized the observed 63 

characteristics and mechanisms of albedo change and presented ensemble-mean 64 

projections of reflected radiation. At the same time, existing assessments of CMIP6 65 

albedo -including the climatology-based model ranking of Jian et al. (2020) -do not 66 

address the observed trends, the genealogical dependence among models, or ensemble 67 

selection for scenario projections; to our knowledge, an objective genealogy-aware model 68 

selection for planetary albedo and spatially resolved scenario projections of albedo are 69 

presented here for the first time. A separate methodological issue is on what grounds the 70 

"best" models should be identified: the practice of ensemble weighting and sub-selection 71 

requires reproducible criteria, allowance for model interdependence, and out-of-sample 72 

testing (Knutti et al. 2017; Abramowitz et al. 2019; Brunner et al. 2020), while the 73 



presence of models with excessive climate sensitivity in CMIP6 makes uncritical use of 74 

the full multi-model ensemble (MME) risky (Hausfather et al. 2022). For the short 75 

satellite era, the role of internal variability is also fundamental: 15-yr trends in individual 76 

realizations of coupled models need not be in phase with observations (Deser et al. 2012; 77 

Marotzke and Forster 2015), so trend agreement is an unreliable criterion of model 78 

quality. 79 

The aims of this study are to systematically evaluate the representation of planetary 80 

albedo by an ensemble of 51 CMIP6 models against CERES EBAF and ERA5 over 81 

2000–2014; to construct an objective, reproducible model selection procedure based on 82 

climatological albedo characteristics that accounts for genealogical dependence among 83 

models; to decompose the observed and modeled trends into clear-sky and cloud 84 

contributions; to analyze albedo projections of the selected ensemble under four 85 

ScenarioMIP scenarios through 2100; and to perform an independent evaluation of the 86 

ensemble against 2015–2025 observations. 87 

2. Data and methods 88 

2.1. CERES EBAF 89 

The evaluation is based on the CERES EBAF Ed4.2.1 product, "TOA and Surface" 90 

edition (Clouds and the Earth's Radiant Energy System, Energy Balanced and Filled; 91 

Loeb et al. 2018): monthly shortwave fluxes at the top of the atmosphere (TOA) on a 92 

1°×1° grid, derived from measurements by the CERES scanning radiometers aboard the 93 

Terra, Aqua, and NOAA-20 satellites (Wielicki et al. 1996; Smith et al. 2011). The 94 

calibration uncertainty of the shortwave channel is ~1% (with stability better than 0.2% 95 

per decade); monthly regional fluxes carry additional uncertainty associated with changes 96 

in the accompanying imagers (Su et al. 2020). We use the variables toa_sw_all_mon 97 

(reflected shortwave flux under all-sky conditions), toa_sw_clr_t_mon (clear-sky flux 98 

computed for the total region -a definition consistent with the model diagnostic rsutcs; 99 

Loeb et al. 2020b), and solar_mon (incoming solar radiation) for March 2000 through 100 

December 2014; the alternative clear-sky estimate toa_sw_clr_c_mon (based on the 101 

cloud-free portions of each region) is used for a sensitivity check; for the scenario 102 

evaluation, the same product is used for January 2015 through December 2025. 103 

2.2. ERA5 104 

ERA5 is the global reanalysis produced by ECMWF (Hersbach et al. 2020). TOA 105 

radiative fluxes in ERA5 are not assimilated but are computed by the radiation scheme of 106 

the forecast model and therefore inherit its errors in cloud cover and aerosol climatology; 107 

reanalyses are known not to reproduce the CERES-observed trends in TOA fluxes and to 108 

diverge systematically from observations in the energy budget (Loeb et al. 2022; Wild 109 

and Bosilovich 2024). For this reason, ERA5 is used here not as a reference but as an 110 



independent point of comparison. We use the monthly variables tisr (incoming solar 111 

radiation at TOA) and tsr (net shortwave flux at TOA). 112 

2.3. CMIP6 and ScenarioMIP 113 

We use monthly rsut, rsdt, and rsutcs fluxes (Amon) from 51 CMIP6 models (Eyring et 114 

al. 2016) in the historical experiment, with one realization (r1i1p1f1) per model (the full 115 

list is given in Table S1). In the rXiYpZfW notation, the indices denote the initial 116 

conditions (realization), initialization method, physics variant, and forcing variant; 117 

r1i1p1f1 is the first, reference member of each model's ensemble. One realization per 118 

model is standard practice for comparison with observations: the observations themselves 119 

constitute a single realization of the climate system, and the "one model, one vote" 120 

principle prevents models with large ensembles from dominating; averaging many 121 

realizations would instead damp internal variability and make the trend comparison with 122 

observations inconsistent. Projections are analyzed for four ScenarioMIP scenarios 123 

(O'Neill et al. 2016) -SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 -which combine the 124 

SSP socioeconomic pathways (Riahi et al. 2017) with target radiative forcing levels by 125 

2100. 126 

2.4. Definition of planetary albedo and processing 127 

Planetary albedo is defined as the ratio of the reflected to the incoming shortwave 128 

radiation flux at TOA. The global mean albedo is computed as the ratio of area-weighted 129 

global-mean fluxes: 130 A = ∑ ↑ܹܵ ݓ / ∑ ↓ܹܵݓ                                                 (1) 131 

where ݓ = cos ߮ are the area weights. This "energy-based" definition corresponds to the 132 

fraction of energy reflected by the planet and differs from the area average of the field of 133 

local albedos (the latter is systematically higher: 0.318 versus 0.292 for CERES). For 134 

CERES, A = toa_sw_all_mon / solar_mon; for ERA5, A = (tisr − tsr)/tisr; for the models, 135 

A = rsut/rsdt; clear-sky albedo is computed analogously from toa_sw_clr_t_mon and 136 

rsutcs. In grid-cell calculations, polar-night cells (ܹܵ↓ < 10 W m⁻²) are masked. Model 137 

and ERA5 fields are bilinearly interpolated onto the 1°×1° CERES grid. Seasons are 138 

defined climatologically as DJF, MAM, JJA, and SON (for global means the calendar 139 

seasons of the two hemispheres are opposite, so the international convention is adopted). 140 

2.5. Statistical analysis 141 

Trends in the monthly global series are estimated by ordinary least squares after removal 142 

of the mean seasonal cycle; significance and 95% confidence intervals are computed 143 

accounting for autocorrelation of the residuals through the effective sample size 144 ݊௘௙௙ = ݊(1 − 1)/(1ݎ +  145 (2)                                               (1ݎ



where r₁ is the lag-1 autocorrelation (equivalent to a t-test with a reduced sample; Santer 146 

et al. 2000). Because monthly anomalies can carry memory beyond one lag (ENSO), the 147 

confidence intervals are additionally cross-checked with a moving-block bootstrap (24-148 

month blocks, 2000 replicates): the resulting intervals are 20–35% wider than the AR(1) 149 

estimates (±0.73 versus ±0.61 for the CERES trend over 2000–2014; ±0.45 versus ±0.33 150 

over 2000–2025), yet all conclusions about trend significance hold. The robustness of the 151 

trends is verified with the nonparametric Theil–Sen estimator and the Mann–Kendall test 152 

applied to the annual series. Grid-cell trends are computed from annual means; 153 

significance on the maps is displayed with false discovery rate (FDR) control (α_FDR = 154 

0.10) following Wilks (2016) -without this correction, stippling systematically overstates 155 

the area of significant change. Spatial similarity of fields is characterized by area-156 

weighted centered correlations and normalized standard deviations (Taylor diagrams; 157 

Taylor 2001); correlations are reported with their sign. 158 

2.6. Model selection procedure 159 

Models for the scenario analysis were selected in four objective steps based entirely on 160 

the climatological characteristics of 2000–2014; trends were deliberately excluded from 161 

the selection criteria, because the 15-yr trend of a single realization of a coupled model is 162 

largely governed by the phase of internal variability, and its agreement with observations 163 

does not characterize the model physics (Deser et al. 2012; Marotzke and Forster 2015; 164 

Abramowitz et al. 2019). 165 

Eligibility: a complete historical record for March 2000 through December 2014 and 166 

availability of rsut/rsdt for all four ScenarioMIP scenarios. Notably, this step excludes the 167 

two models with the lowest values of the ܦ௜ score introduced below: GFDL-CM4 (ܦ௜ = 168 

0.82; only SSP2-4.5 and SSP5-8.5 are available on ESGF) and SAM0-UNICON (0.85; 169 

no ScenarioMIP simulations); the GFDL family is represented in SEL9 by GFDL-ESM4, 170 

which shares the AM4 atmosphere (ܦ௜ = 0.86). 171 

 Performance: for each model, three area-weighted errors relative to CERES were 172 

computed -the RMSE of the annual-mean albedo field (E₁), the RMSE of the 173 

climatological seasonal cycle (12 monthly anomaly fields relative to the annual mean, 174 

E₂), and the RMSE of the field of interannual standard deviation of annual means (E₃). 175 

Each error was normalized by the ensemble median, and the aggregate score ܦ௜ is the 176 

mean of the three normalized errors (median normalization follows the performance 177 

metrics of Gleckler et al. (2008); the aggregate score is analogous to the weighting 178 

schemes of Knutti et al. (2017)). Models with ܦ௜< 1, i.e., better than the median model, 179 

were retained (22 models without step (i), 15 with it; six of these are subsequently 180 

displaced by a better-performing member of their family). 181 

Independence: the models were grouped into model families sharing a common 182 

atmospheric component (CAM5, CAM6, ECHAM6, MetUM, IFS/EC-Earth, GISS, 183 



GFDL, INM, and others; cf. Sanderson et al. 2015; Brunner et al. 2020), and one 184 

representative with the best ܦ௜ was retained from each family. The matrix of inter-model 185 

distances (the same metric, model against model) independently confirms this grouping: 186 

all nearest pairs in the ensemble are family relatives (Table S2). 187 

 Sensitivity: both the threshold and the metric weights were tested (Table S3). Tightening 188 

the threshold to ܦ௜ < 0.9 leaves only three models -too few for projections, while their 189 

trend (−0.41×10⁻³ per decade) and bias (−0.25%) remain consistent with the qualitative 190 

conclusions; relaxing it to ܦ௜ < 1.1 adds three models (MRI-ESM2-0, FGOALS-f3-L, 191 

EC-Earth3) with a virtually unchanged trend (−0.65×10⁻³ per decade) and bias (+0.01%). 192 

Replacing the equal weights of the three metrics with pairwise combinations (E₁+E₂, 193 

E₁+E₃, E₂+E₃) yields ensembles of 7–9 models with trends from −0.40 to −0.96×10⁻³ per 194 

decade and biases from −0.60 to +0.11%, and the E₁+E₃ variant reproduces the SEL9 195 

composition exactly. We note that E₃ is the noisiest of the three metrics (the sampling 196 

error of the interannual standard deviation over 15 years is large), yet excluding it (the 197 

E₁+E₂ variant) yields an ensemble in which six of the seven members belong to SEL9. 198 

All variants preserve the sign of the trend, its underestimation relative to CERES, and the 199 

severalfold reduction of the bias relative to the MME; the median used for normalizing 200 

the errors is in all cases taken over the full set of 51 models. 201 

The resulting selected nine-model ensemble (hereafter SEL9) comprises GFDL-ESM4 202 

 ACCESS-CM2 (0.88), AWI-CM-1-1-MR (0.89), CanESM5 (0.91), 203 ,(௜ = 0.86ܦ)

TaiESM1 (0.96), CESM2-WACCM (0.97), INM-CM5-0 (0.99), BCC-CSM2-MR 204 

(0.996), and FGOALS-g3 (0.998). The full ranking of all 51 models is given in Table S1. 205 

The ranking of all 51 models by ܦ௜, together with eligibility and family membership, is 206 

shown in Fig. 1: the nine best eligible representatives of their families constitute SEL9; 207 

crosses mark the alternative trend-selected ensemble (the nine models with the highest 208 

trend-field correlations; Section 3.1). 209 



 210 



Fig. 1. Ranking of the 51 CMIP6 models by the performance score ܦ௜ (mean of three 211 

median-normalized area-weighted errors relative to CERES). Orange bars denote the 212 

selected SEL9 ensemble; gray bars denote eligible models outperformed by a member of 213 

their own family; hatched bars denote ineligible models (incomplete historical record or 214 

missing r1i1p1f1 output for at least one of the four scenarios); crosses mark the 215 

alternative trend-selected ensemble (Section 3.1). 216 

3. Results and discussion 217 

3.1. Global mean albedo and its trend, 2000–2014 218 

According to CERES, the global mean albedo over March 2000 – December 2014 was 219 

0.292, with a robust decline of (1.20 ± 0.61)×10⁻³ per decade (p < 0.001 accounting for 220 

lag-1 autocorrelation; Theil–Sen estimate −1.0×10⁻³ per decade, p_MK < 0.01). 221 

Importantly, a significant decline is also found in the clear-sky albedo -(0.85 ± 0.48)×10⁻³ 222 

per decade (the clr_c estimate, based only on cloud-free areas, gives a nearly identical 223 

value: (0.90 ± 0.49)): a substantial part of the observed planetary darkening over this 224 

period is associated not with a reorganization of cloud cover but with changes in the 225 

cloud-free atmosphere and at the surface -the declining aerosol load (Quaas et al. 2022; 226 

Hodnebrog et al. 2024) and the retreating cryosphere (Flanner et al. 2011; Pistone et al. 227 

2014). The cloud contribution to the trend (all-sky minus clear-sky) amounts to 228 

−0.35×10⁻³ per decade. 229 

The observed trend should also be weighed against the instrumental uncertainty budget. 230 

The stated calibration stability of the CERES shortwave channel (better than 0.2% per 231 

decade; Loeb et al. 2018) is equivalent to ~0.6×10⁻³ albedo per decade -half of the 2000–232 

2014 trend -so the 15-yr trend taken alone requires cautious interpretation. However, the 233 

sign and magnitude of the observed darkening are corroborated independently: by the 234 

growth of Earth's energy imbalance inferred from ocean heat content (Loeb et al. 2022, 235 

2024), by earthshine observations (Goode et al. 2021), and by the consistent decline of 236 

the aerosol burden (Quaas et al. 2022). Over the extended 2000–2025 record, the trend 237 

(−2.46×10⁻³ per decade) exceeds the possible drift fourfold: even subtracting the full drift 238 

changes neither the sign nor the significance of the conclusion. 239 

ERA5 underestimates the mean albedo by 1.6% relative to CERES, and its trend, (+0.42 240 

± 0.66)×10⁻³ per decade, is statistically indistinguishable from zero. The opposite signs of 241 

the ERA5 and CERES trends are consistent with the documented inability of reanalyses 242 

to reproduce the observed trends in the radiation budget, owing to inhomogeneities in the 243 

assimilated observations and the model origin of the TOA fluxes (Loeb et al. 2022; Wild 244 

and Bosilovich 2024). At the same time, in the spatial structure of the trends, ERA5 is 245 

substantially closer to CERES than any individual model (see Section 3.2): assimilation 246 

of the actual synoptic evolution constrains the geography of the changes, but not their 247 

global balance. 248 



The full CMIP6 ensemble systematically overestimates the albedo: the MME mean bias 249 

is +1.3% (individual models range from −3.2 to +10.5%; Table S1), extending earlier 250 

assessments of the CMIP6 radiation budget (Wild 2020; Jian et al. 2020). The ensemble-251 

mean trend, −(0.72 ± 0.22)×10⁻³ per decade, has the correct sign; the central estimate 252 

amounts to ~60% of the observed value, although over a 15-yr window the difference is 253 

formally indistinguishable from internal variability (the CERES trend corresponds to the 254 

35th percentile of the distribution of individual-model trends (Fig. 2), and the MME 255 

estimate lies within the 95% CI of the observations); the selected nine-model ensemble 256 

(SEL9) yields essentially the same magnitude (−(0.68 ± 0.31)×10⁻³). The underestimation 257 

becomes statistically significant over the extended 2000–2025 record (Section 3.3); it is 258 

consistent with reported model underestimates of the trends in Earth's energy imbalance 259 

(Schmidt et al. 2023; Mauritsen et al. 2025) and holds for any ensemble composition, 260 

pointing to a common, rather than model-specific, deficiency in process representation. 261 

Over the longer 1940–2014 record (Fig. 3), the modelled global albedo varies within a 262 

narrow range (MME annual means 0.294–0.304); the 15-yr running trends of the MME 263 

reach +2.9×10⁻³ per decade for windows centred on the late 1950s, the period of rapid 264 

growth of anthropogenic aerosol, and −4.3×10⁻³ per decade for windows centred on the 265 

late 1990s, the recovery from the Pinatubo spike, so the modelled 2000–2014 decline 266 

(−0.7×10⁻³ per decade) is moderate against this background. 267 

 268 

Fig. 2. Global albedo trends for 2000–2014 (10⁻³ per decade) for the 51 CMIP6 models, 269 

SEL9, MME, CERES, and ERA5; error bars denote 95% confidence intervals accounting 270 

for lag-1 autocorrelation. CERES is shown twice for reference: in the common row and 271 

in the right-hand group. 272 



 273 

Fig. 3. (a) Annual global mean albedo for 1940–2014: the 50 CMIP6 models with 274 

complete 1940–2014 records (range; GISS-E2-2-H excluded), MME, SEL9, ERA5 (from 275 

1940), and CERES (from 2000); (b) 15-yr running trends of the same series. Albedo 276 

spikes are associated with the El Chichón (1982) and Pinatubo (1991) eruptions (Robock 277 

2000; Minnis et al. 1993); the post-war rise and subsequent decline of the trend reflect 278 

the evolution of anthropogenic aerosol (global dimming and brightening; Wild 2009). 279 

The main effect of the model selection appears in the mean state: the SEL9 bias is only 280 

+0.11%, versus +1.31% for the MME -an order of magnitude smaller (Table 1). This 281 

improvement is partly built into the selection by construction: the E₁ metric directly 282 

penalizes the mean-field error relative to CERES over the same period, so the estimate is 283 

in-sample. An independent check is provided by the period outside the training window: 284 

over 2015–2025 (historical+SSP2-4.5), the SEL9 bias relative to CERES is +0.9%, and 285 

the increase from +0.1% almost entirely reflects the accumulated underestimation of the 286 

observed trend (Section 3.3) rather than a degradation of the ensemble climatology. 287 

Seasonal SEL9 biases do not exceed 1.4% in magnitude (DJF −0.61%, MAM +0.25%, 288 

JJA +1.40%, SON −0.59%); ERA5 biases are negative in all seasons (−0.8…−2.6%). 289 

Importantly, selection does not improve the global trend: SEL9 reproduces ~57% and the 290 

MME ~60% of the observed magnitude. Moreover, if models are deliberately selected by 291 

trend agreement -taking the nine models with the highest trend-field correlations with 292 

CERES -the mean-trend correlation of such an ensemble reaches 0.37, versus 0.26 for 293 

SEL9, with an almost identical mean-state bias (+0.12% versus +0.11%). This advantage 294 

is illusory, however: agreement of 15-yr trends of individual realizations with 295 

observations reflects a chance coincidence of internal-variability phases rather than 296 

model quality (Deser et al. 2012; Marotzke and Forster 2015); in addition, the trend-297 

selected ensemble is genealogically degenerate: it contains two pairs of direct relatives -298 

CESM2 and CESM2-WACCM, GFDL-CM4 and GFDL-ESM4 -as well as FIO-ESM-2-0 299 

from the CAM5 lineage, and four of its models lack the full set of scenarios and are 300 

unusable for projections (Fig. 1, crosses). This result provides a quantitative argument 301 



against selecting models by short-term trends, complementing the methodological 302 

cautions of Abramowitz et al. (2019). 303 

Table 1. Biases of the global mean albedo relative to CERES (2000–2014), % of the 304 

CERES value: SEL9, MME, and ERA5 by season and for the annual mean. 305 

Dataset DJF MAM JJA SON Annual 
SEL9 -0.0018 (-

0.61%) 
+0.0007 

(+0.25%) 
+0.0040 

(+1.40%) 
-0.0017 (-

0.59%) 
+0.0003 

(+0.11%) 
MME +0.0003 

(+0.08%) 
+0.0058 

(+2.02%) 
+0.0078 

(+2.75%) 
+0.0012 

(+0.41%) 
+0.0038 

(+1.31%) 
ERA5 -0.0077 (-

2.57%) 
-0.0046 (-

1.58%) 
-0.0022 (-

0.77%) 
-0.0046 (-

1.59%) 
-0.0048 (-

1.63%) 

3.2. Spatial structure of albedo and its trends, 2000–2014 306 

The spatial structure of the mean albedo (Fig. 4, left column) is reproduced by both 307 

ERA5 and the ensemble with correlations above 0.98 (Fig. 5a; Table 2); this level of 308 

agreement, however, largely reflects the latitudinal insolation gradient and the pole-to-309 

equator contrast and is therefore a weak discriminator of model quality (r ≥ 0.87 for the 310 

annual fields of all 51 models, Fig. 5a, and r ≥ 0.96 for the nine selected models, Table 311 

2). The trend fields are more informative (Fig. 4, right column; Fig. 5b): CERES exhibits 312 

a significant (FDR-controlled) albedo decrease over regions of sea-ice loss in the Arctic 313 

and Antarctic, together with cloud-driven changes of both signs over the oceans; ERA5 314 

reproduces this geography with a correlation of 0.67, whereas SEL9 reaches only 0.26, 315 

and the ensemble-mean trend field is damped in amplitude by a factor of two (normalized 316 

standard deviation 0.50) because of the averaging of the unsynchronized interannual 317 

variability of nine realizations. 318 



 319 

Fig. 4. Mean albedo (left) and albedo trends from annual means (right), 2000–2014: 320 

CERES, ERA5, SEL9. Stippling marks grid cells with significant trends (FDR control, 321 

α_FDR = 0.10; Wilks 2016); the test is applied to each of the three trend panels, for 322 

SEL9 to the trend of the ensemble mean. The test is passed by 0.4% of the area for 323 

CERES (sea-ice margins), by 4.8% for SEL9 and by no grid cell for ERA5: at the grid-324 

cell scale, 15-year trends are almost everywhere indistinguishable from interannual 325 

variability, and the larger significant area for SEL9 reflects the suppression of internal 326 

variability by averaging nine realizations rather than a stronger signal. 327 



 328 

Fig. 5. Taylor diagrams: (a) annual-mean albedo fields, (b) trend fields; the nine SEL9 329 

models (colored symbols), the remaining 42 CMIP6 models (gray dots), SEL9, MME, and 330 

ERA5 relative to CERES. 331 

Table 2. Area-weighted spatial correlations (with sign) of the annual and seasonal fields 332 

of mean albedo and its trends with CERES: the nine SEL9 models, the SEL9 and MME 333 

means, and ERA5. High mean-field correlations are expected -they are set by the pole-to-334 

equator contrast (annual fields yield r ≥ 0.96, seasonal fields r ≥ 0.92); it is the trend 335 

fields that discriminate among models. 336 

Model Annual DJF MAM JJA SON 
GFDL-ESM4 0.978 / 0.174 0.950 / 0.180 0.962 / 0.000 0.958 / 0.113 0.973 / 0.063 
ACCESS-

CM2 
0.973 / 0.013 0.948 / 0.087 0.960 / -0.032 0.950 / 0.033 0.967 / 0.016 

AWI-CM-1-1-

MR 
0.975 / 0.046 0.956 / 0.053 0.964 / 0.030 0.948 / -0.064 0.972 / 0.065 

CanESM5 0.970 / 0.138 0.949 / -0.004 0.964 / 0.141 0.937 / 0.093 0.962 / 0.108 
TaiESM1 0.970 / 0.077 0.951 / -0.033 0.956 / 0.092 0.951 / -0.044 0.960 / 0.138 
CESM2-

WACCM 
0.975 / 0.158 0.960 / 0.027 0.967 / -0.051 0.945 / 0.092 0.968 / 0.114 

INM-CM5-0 0.959 / 0.142 0.943 / 0.071 0.950 / 0.038 0.919 / -0.020 0.949 / 0.027 
BCC-CSM2-

MR 
0.963 / 0.185 0.946 / 0.051 0.947 / 0.015 0.927 / 0.160 0.955 / 0.108 

FGOALS-g3 0.962 / 0.083 0.949 / 0.013 0.951 / 0.006 0.917 / 0.036 0.948 / -0.001 
ERA5 0.983 / 0.665 0.963 / 0.686 0.980 / 0.716 0.972 / 0.698 0.983 / 0.708 
SEL9 0.986 / 0.257 0.977 / 0.116 0.979 / 0.086 0.969 / 0.132 0.982 / 0.197 
MME 0.984 / 0.281 0.975 / 0.132 0.976 / 0.048 0.968 / 0.114 0.980 / 0.357 



Difference maps of the mean fields (Fig. 6) show that both ERA5 and SEL9 overestimate 337 

the albedo over Greenland, the Antarctic interior, and the Himalayas (over the shelf seas 338 

and West Antarctica the difference changes sign) and underestimate it over regions of 339 

marine stratocumulus; the most extensive ensemble error is a band of underestimation 340 

over the Southern Ocean (50–70°S), the well-known cloud-related shortwave bias of 341 

climate models (Hyder et al. 2018). These are known systematic errors in the 342 

representation of the cryosphere and the boundary layer (Stephens et al. 2012; Jian et al. 343 

2020). The SEL9 inter-model spread (Fig. 7) is largest in the subpolar regions and over 344 

the Tibetan Plateau -the regions of snow and ice albedo -consistent with the snow–albedo 345 

feedback spread persisting since CMIP3 (Qu and Hall 2014; Thackeray et al. 2018) and 346 

indicating exactly where climatology-based selection does not remove structural 347 

uncertainty. 348 

 349 

Fig. 6. Differences in mean albedo, ERA5 − CERES and SEL9 − CERES 2000–2014. 350 

 351 

Fig. 7. Inter-model standard deviation of SEL9: mean albedo and trends, 2000–2014. 352 

Decomposing the trends into clear-sky and cloud contributions (Fig. 8) shows that a 353 

substantial part of the observed 2000–2014 darkening occurs under clear-sky conditions. 354 

In CERES, the clear-sky trend ((0.85 ± 0.48)×10⁻³ per decade) is concentrated at polar 355 

latitudes: over the Arctic (70–90°N) it reaches −19×10⁻³ per decade and exceeds the all-356 



sky trend (−12×10⁻³) in magnitude -cloud cover partly masks the surface signal of 357 

retreating ice and snow. Over East Asia, clear-sky albedo was still increasing during this 358 

period (+2.1×10⁻³ per decade): the regional aerosol burden peaked only in the early 359 

2010s, and its reduction largely postdates the period considered here. 360 

 361 

Fig. 8. Albedo trends for 2000–2014: all-sky, clear-sky, and the cloud contribution (all-362 

sky minus clear-sky) from CERES (top) and the SEL9 ensemble (bottom). 363 

The SEL9 ensemble reproduces the cloud contribution to the trend closely (−0.27×10⁻³ 364 

versus −0.35×10⁻³ per decade in CERES) but captures less than half of the clear-sky 365 

trend (−0.41 ± 0.58 versus −0.85 ± 0.48; the ensemble-mean estimate is insignificant, and 366 

in three of the nine models the clear-sky trend is even positive). The models' 367 

underestimation of the observed darkening is thus concentrated in the clear sky -in 368 

cryospheric and aerosol mechanisms -whereas the cloud-driven part of the change is 369 

reproduced on average; this echoes the finding that models systematically underestimate 370 

the observed trend in Earth's energy imbalance (Mauritsen et al. 2025). These 371 

conclusions do not depend on the choice of the CERES clear-sky estimate: the global 372 

clear-sky trends from clr_t (total-region, model-consistent) and clr_c (cloud-free areas) 373 

differ by less than 0.06×10⁻³ per decade -far less than their confidence intervals. 374 

3.3. Early out-of-sample evaluation, 2015–2025 375 

The 2015–2025 period, which was not used in the model selection, serves as an 376 

independent evaluation of the ensemble. The extension of the SEL9 series with the SSP2-377 

4.5 experiment (the scenarios differ negligibly over 2015–2025) is shown in Fig. 9. Over 378 

2000–2025, CERES albedo declined by (2.46 ± 0.33)×10⁻³ per decade -twice as fast as 379 

over 2000–2014 -with the absolute minimum in 2023 (Goessling et al. 2025); the 380 

ensemble yields (1.05 ± 0.15)×10⁻³, i.e., only ~43% of the observed trend is reproduced 381 

over the extended record, and after 2015 the observations shift toward the lower edge of 382 



the ensemble spread. Over the full 26-yr record the darkening is also spatially significant 383 

(Fig. 9b–d): the FDR test is passed by 15% of the area for CERES (94% of it with 384 

negative trends, mostly over the mid-latitude oceans of both hemispheres and the polar 385 

sea-ice zones; 75% of the significant area lies poleward of 30°) and by 14% for ERA5 386 

(74% negative), whereas over the 15-yr window of Fig. 4 almost no grid cell passes the 387 

same test. For the SEL9 ensemble mean the significant area is larger (29%) despite trend 388 

amplitudes about half as large, because averaging nine realizations suppresses internal 389 

variability; the significance of an ensemble-mean trend therefore characterizes the 390 

consistency of the forced response across models rather than its magnitude and is not 391 

directly comparable to that of a single observational record. 392 

 393 

Fig. 9. (a) Annual global albedo for 2000–2025: CERES, ERA5, and SEL9 (historical 394 

through 2014, SSP2-4.5 thereafter; shading – inter-model range). (b–d) Albedo trends 395 

from annual means over 2000–2025 for CERES, ERA5 and the SEL9 ensemble mean; 396 

stippling marks grid cells with significant trends (FDR control, α_FDR = 0.10; Wilks 397 

2016), covering 15% of the area for CERES (94% of it with negative trends), 14% for 398 

ERA5 and 29% for the SEL9 ensemble mean, where averaging nine realizations 399 

suppresses internal variability. 400 

Comparison of the scenarios with the 2015–2025 observations (Table 3) confirms that the 401 

first decade of the projections cannot be used to "identify the pathway": the mean-field 402 

correlations are identical across scenarios (0.98), the trend-field correlations are small 403 

(0.03–0.15), and the inter-model ranges of the global trends overlap widely -from [−5.2; 404 



−0.4]×10⁻³ per decade under SSP1-2.6 to [−2.4; +0.8] under SSP3-7.0 (Table 3); the 405 

ensemble means already differ, but the pathway cannot be identified from a single 406 

realization of the observations. The observed decline ((2.97 ± 1.32)×10⁻³ per decade) is 407 

faster than all scenario means (−0.52 to −1.65×10⁻³), and only two of the 36 scenario 408 

members (both SSP1-2.6) darken at least as fast as observed; notably, the strongest near-409 

term decline is produced by SSP1-2.6 -the scenario with the fastest reduction of aerosol 410 

emissions -while the reduction in shipping sulfur emissions since 2020, absent from all 411 

scenarios, further amplified the observed darkening (Yuan et al. 2024). The ERA5 trend 412 

field, by contrast, correlates with CERES more strongly than the models do (0.80), and its 413 

global trend over 2015–2025 (−(3.30 ± 1.17)×10⁻³ per decade) is statistically 414 

indistinguishable from the observed one (Table 3) -as expected for a system that 415 

assimilates the observed surface and atmospheric state. This does not overturn the 416 

conclusion of Section 3.1, however: over 2000–2014 the ERA5 trend had the opposite 417 

sign, so the agreement of a reanalysis with observed TOA-flux trends is not guaranteed 418 

and must be verified for each specific period. 419 

Table 3. Comparison of the scenarios with CERES over 2015–2025: correlations of mean 420 

and trend fields, global trends of the ensemble means with 95% confidence intervals, and 421 

inter-model ranges across the nine members. 422 

Dataset r (mean field) r (trend field) Trend 2015–
2025 (10⁻³ 
dec⁻¹) 

95% CI (±) Member 

range (10⁻³ 
dec⁻¹) 

CERES 1.0 1.0 -2.97 1.32 — 
ERA5 0.977 0.802 -3.3 1.17 — 
SSP1-2.6 0.984 0.034 -1.65 0.38 [−5.24; −0.35] 
SSP2-4.5 0.985 0.087 -1.41 0.49 [−2.87; −0.09] 
SSP3-7.0 0.984 0.145 -0.52 0.47 [−2.38; +0.78] 
SSP5-8.5 0.984 0.136 -1.38 0.48 [−2.78; +1.01] 

3.4. Projected albedo changes, 2015–2100 423 

Maps of SEL9 albedo trends for 2015–2100 (Fig. 10) show a monotonic amplification of 424 

the changes from SSP1-2.6 to SSP5-8.5 with a common spatial pattern. The strongest 425 

decline occurs at polar latitudes of both hemispheres -the zone of retreating sea ice and 426 

snow cover, where at least seven of the nine models agree on the sign of the trend; a 427 

robust decline also covers much of the mid-latitude oceans. All scenarios exhibit a band 428 

of increasing albedo over the equatorial Pacific, consistent with the expected cloud 429 

response to the El Niño-like pattern of surface ocean warming (for the role of the 430 

warming pattern in radiation budget changes, see Loeb et al. 2020a); under strong 431 

forcing, areas of weak increase appear in the subtropics. The ensemble shows no 432 

persistent albedo increase over South Asia: trends there are weak and lack sign 433 

agreement, which is expected given the non-monotonic aerosol emission trajectories of 434 

the scenarios (Lund et al. 2019) -continued emission growth is plausible only under 435 

SSP3-7.0. 436 



 437 

Fig. 10. SEL9 albedo trends for 2015–2100 under the four ScenarioMIP scenarios; 438 

stippling marks areas where at least 7 of the 9 models agree on the sign of the trend; the 439 

criterion reflects sign agreement rather than amplitude and, under SSP1-2.6, also covers 440 

areas of weak trends. 441 

Ensemble-mean global trends over 2015–2100 are −0.58 [−1.47 to −0.08], −0.88, −1.18, 442 

and −1.51 [−3.19 to +0.11] ×10⁻³ per decade for SSP1-2.6, SSP2-4.5, SSP3-7.0, and 443 

SSP5-8.5, respectively (inter-model ranges in brackets). By 2091–2100, global albedo 444 

falls below its 2015–2024 level by 0.0046 (SSP1-2.6) to 0.0116 (SSP5-8.5), i.e., by 1.6–445 

4.0% in relative terms; with a mean incoming solar flux of ~340 W m⁻², this is equivalent 446 

to an additional ~1.6–3.9 W m⁻² of absorbed solar radiation. 447 

The 15-yr running trends (Fig. 11) show that the inter-model ranges of the scenarios 448 

overlap for essentially the entire century -only the ensemble means are clearly 449 

distinguishable: the decadally smoothed means of SSP1-2.6 and SSP2-4.5 separate 450 

robustly after ~2055, SSP2-4.5 and SSP3-7.0 after ~2060, and only the difference 451 

between SSP3-7.0 and SSP5-8.5 keeps its sign from the beginning of the century. Only 452 

under SSP1-2.6 does the decline level off: after ~2065 the ensemble 15-yr trends oscillate 453 

around zero (mostly below 0.2×10⁻³ per decade in magnitude, with episodic 454 

strengthening to −0.6×10⁻³ in the late 2070s); under SSP2-4.5 the trend weakens to 455 

roughly −0.7×10⁻³ by the end of the century, under SSP3-7.0 it persists near −1.2×10⁻³, 456 

and under SSP5-8.5 it steepens to −2.1×10⁻³ per decade. 457 



 458 

Fig. 11. 15-yr running trends of SEL9 global albedo through 2100 by scenario (lines -459 

ensemble means, shading -inter-model range). 460 

3.5. Limitations 461 

Using a single realization per model does not allow the forced response to be separated 462 

from internal variability at the level of individual models; this is partly mitigated by the 463 

fact that the selection criteria are deliberately restricted to climatological characteristics, 464 

with trends used for evaluation only. Genealogical thinning reduces, but does not 465 

eliminate, ensemble interdependence (Sanderson et al. 2015). The evaluation is confined 466 

to the period of stable CERES operation since March 2000; the extension of the 467 

comparison beyond 2014 relies on composite historical+SSP2-4.5 series and inherits the 468 

differences in CMIP6 forcings after 2014. Finally, the ensemble includes models with 469 

overestimated equilibrium sensitivity (CanESM5, TaiESM1; Sherwood et al. 2020; 470 

Hausfather et al. 2022), which should be borne in mind when interpreting the absolute 471 

magnitudes of future changes. 472 

Several methodological caveats should also be stated. First, the calibration stability of 473 

CERES (~0.2% per decade, i.e., ~0.6×10⁻³ albedo per decade) is comparable to half of 474 

the observed 2000–2014 trend, and only the extension of the record to 2025 makes the 475 

conclusion that the models underestimate the darkening robust to a possible drift (Section 476 

3.1). Second, the threshold ܦ௜ < 1, the equal weights of the three metrics, and the median 477 

normalization are a priori choices; sensitivity to the threshold and the weights has been 478 

tested (Section 2.6, Table S3), but a different combination of choices could yield a 479 

somewhat different ensemble composition with the same qualitative conclusions. Third, 480 



the reduction of the mean-state bias is an in-sample result by construction; its out-of-481 

sample check over 2015–2025 gives +0.9% (Section 3.1). Finally, the clear-sky 482 

decomposition relies on the total-region CERES estimate (clr_t), consistent with the 483 

model diagnostic rsutcs; the sensitivity to the alternative clr_c estimate is negligible 484 

(Section 3.2). 485 

Sensitivity to the comparison domain was tested by excluding latitudes poleward of 60°: 486 

the observed trend changes by less than 10%, the trend-field correlations by no more than 487 

0.02, and the fraction of the trend reproduced by the ensemble even decreases (~44% 488 

versus ~57% under the same definition of the mean), i.e., the models' underestimation of 489 

the darkening is not an artifact of CERES polar data. The composition of the selected 490 

ensemble partly changes (five of the nine members), as expected: the criteria are 491 

optimized for the global (planetary) albedo, and for regional applications the selection 492 

should be repeated for the target domain. Furthermore, an ESGF catalog check confirms 493 

that requiring all four scenarios specifically under r1i1p1f1 does not affect the ensemble 494 

composition: only CESM2 has complete scenario sets under another member of the same 495 

ensemble (r4i1p1f1 and others), and even if admitted, it would still be superseded as the 496 

CAM6 family representative by CESM2-WACCM with its better ܦ௜; GISS-E2-1-G and 497 

GISS-E2-1-H have complete sets only under different physics or forcing configurations 498 

(p3, f2), i.e., effectively different model versions, and neither passes the ܦ௜ < 1 threshold 499 

in any case; no other ineligible model has a complete scenario set under any variant 500 

(Table S1). 501 

4. Conclusions 502 

According to CERES EBAF Ed4.2.1, the global planetary albedo declined significantly 503 

over 2000–2014, at (1.20 ± 0.61)×10⁻³ per decade, with about 70% of this magnitude 504 

occurring under clear-sky conditions; the ERA5 trend is statistically indistinguishable 505 

from zero, reflecting the model origin of its TOA fluxes. 506 

CMIP6 models reproduce the correct sign of the trend but underestimate its magnitude: 507 

57–60% of that observed over 2000–2014 (within internal variability) and less than half 508 

over 2000–2025 -regardless of ensemble composition; the full multi-model ensemble 509 

(MME) systematically overestimates the mean albedo by +1.3%. 510 

The proposed objective selection procedure (data completeness → performance on three 511 

climatological metrics → independence across model families → sensitivity analysis) 512 

identifies the selected nine-model ensemble (SEL9), which reduces the mean-albedo bias 513 

to +0.1% with the other characteristics remaining comparable; the apparent advantage of 514 

ensembles selected for agreement of 15-yr trends with observations is not reproduced 515 

under independent climatology-based selection and reflects internal variability. 516 



Global albedo continues to decline in all ScenarioMIP scenarios -on ensemble average 517 

from −0.58×10⁻³ per decade under SSP1-2.6 to −1.51×10⁻³ under SSP5-8.5 over 2015–518 

2100, with the largest changes at polar latitudes (by 2091–2100 equivalent to an 519 

additional ~1.6–3.9 W m⁻² of absorbed solar radiation); only under SSP1-2.6 does the 520 

decline level off by the end of the century. 521 

Over 2015–2025 the scenarios are statistically indistinguishable in albedo, so this period 522 

is suitable for independent evaluation of the ensemble but not for identifying the 523 

pathway; the observed decline ((2.97 ± 1.32)×10⁻³ per decade) lies at the lower edge of 524 

the ensemble spread (only two of the 36 scenario members darken at least as fast as 525 

observed), and over 2000–2025 the ensemble reproduces less than half of the observed 526 

trend, which is significant at the grid-cell level over 15% of the globe. 527 
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