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Abstract: 30 

Climate impact assessment at field and catchment scales depends on localised extremes, yet global climate 31 

models (~100 km) smooth over the terrain-driven variability, spatial structure, and inter-variable 32 

dependencies through which those extremes and compound events arise. Widely used statistical methods 33 

such as ISIMIP3BASD correct coarse-scale distributions but operate point-by-point, disrupting spatial 34 

coherence and daily co-variability. We present CasCorrDiff (Cascading Correction Diffusion), a generative 35 

diffusion framework that downscales in two supervised stages — 100 km to 10 km, then 10 km to 1 km — 36 

bridging a 100× resolution gap while preserving spatial covariance, inter-variable coupling, and physical 37 

event sequencing. Evaluated over Germany (2020–2024) against station and gridded references, 38 

CasCorrDiff outperforms ISIMIP3BASD and interpolated baselines in daily synchronisation (maximum 39 

temperature r = 0.99, NSE = 0.98) and reproduces observed mesoscale power spectra (10–200 km) and 40 

extreme indices, including the temperature Wasserstein distance (W = 0.37), consecutive dry days, and joint 41 

temperature–precipitation co-variability. It underestimates the 95th percentile of precipitation and loses 42 

skill in complex terrain. Because inference is decoupled from the multi-decade baselines that quantile 43 

mapping requires, a trained model downscales individual days on demand. 44 

 45 

Introduction 46 

While climate change is traditionally quantified through global mean temperature shifts, its primary 47 

ecological and economic damages arise from altered climate variability and localised extreme events1,2. 48 

Heatwaves, droughts, and high precipitation events are changing in frequency, intensity, and spatial 49 

organisation, and these transformations of the underlying statistical distribution drive severe, often 50 

irreversible shocks to agricultural yields, ecosystems, and hydrological stability3–5. Interannual variability 51 

alone accounts for 30% to 50% of crop yield variances globally6.  Increasingly, the most damaging risks 52 

are compound extremes, involving co-occurring extreme events such as concurrent heat and drought or 53 

sequential transitions from wet to dry conditions. The joint occurrence of these extremes amplifies systemic 54 

vulnerability far beyond the impact of any single hazard7,8. Simulating these risks requires climate data that 55 

is simultaneously local, resolving changing weather at the kilometre scales at which impacts are realised, 56 

and distributionally faithful, reproducing not only mean states but the variances, spatial structure, and multi-57 

variable dependencies through which compound events arise. Global Climate Models (GCMs) cannot 58 

provide this. The GCM coarse grids (~100 km) smooth over the convective processes, terrain-driven 59 

heterogeneity, and higher-order statistical moments that govern local extremes9,10. Bridging this scale gap 60 

through downscaling is therefore a prerequisite for translating global projections into locally actionable 61 

climate information11. 62 

To bridge this scale mismatch, two primary methodological paradigms exist: dynamical 63 

downscaling and statistical downscaling. Dynamical downscaling employs high-resolution regional climate 64 

models to simulate local physics explicitly compared to GCMs, but its higher computational demand 65 

severely restricts its deployment across multi-model ensembles or long-term horizons. Conversely, 66 

statistical downscaling offers a highly efficient alternative by establishing empirical relationships between 67 

large-scale predictors and local observations. Frameworks like ISIMIP3BASD12, which leverages 68 
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parametric quantile mapping13,14, have commodified bias-adjusted data for global impact modelling. The 69 

widespread utility of this trend-preserving approach is demonstrated by its adoption as the core processing 70 

engine for large-scale impact risk assessment pipelines, regional climate networks like EURO-CORDEX, 71 

global crop modelling initiatives under AgMIP, and operational workflows for extreme-event attribution15–72 
17. Yet, these traditional approaches carry severe limitations: because they typically adjust variables 73 

independently at individual grid points, they disrupt inter-variable dependencies, spatial coherence, and 74 

physical event sequencing, making them ill-suited for risk assessments18,19.  75 

Recently, deep learning has emerged to overcome these multi-dimensional limitations20. 76 

Generative Adversarial Networks (GANs) have demonstrated skill in resolving fine-scale spatial 77 

structures21,22, but they are frequently undermined by training instabilities and mode collapse, often failing 78 

to faithfully reproduce the full stochastic distribution of climate variables. Diffusion models have emerged 79 

as a promising alternative to GANs. They offer more stable training and a principled probabilistic 80 

framework for modelling complex data distributions23,24. At their core, diffusion models gradually 81 

transform noise into structured outputs, making them particularly well suited for capturing uncertainty and 82 

variability—both central features of the climate system. Compared to GANs, they are less prone to issues 83 

such as mode collapse and training instability, which makes them attractive for climate applications. Several 84 

recent studies have already demonstrated their potential. For instance, Mardani et al., (2025)25 applied 85 

diffusion models to kilometre-scale downscaling of surface weather variables such as wind, air temperature, 86 

and precipitation, conditioned on large-scale atmospheric fields. Similar approaches have been used in 87 

fluid-dynamics settings, where they successfully capture complex spatiotemporal behaviour driven by 88 

synoptic-scale conditions26,27. They have also shown promise in learning convective organisation patterns, 89 

which is key for extreme precipitation events25,28. 90 

Here we evaluate and compare the Cascading Correction Diffusion model (CasCorrDiff; Fig. 1), a 91 

generative framework that treats fine-scale downscaling not as a deterministic mapping, but as a stochastic 92 

sampling process capable of resolving fine-scale climate distributions. Building on the residual-correction 93 

principle of CorrDiff25, CasCorrDiff decomposes downscaling into a deterministic mean state, resolved by 94 

regression, and a stochastic sub-grid residual, generated by diffusion process23,24. To establish the real-95 

world efficacy of generative models for climate downscaling, we directly benchmark CasCorrDiff against 96 

ISIMIP3BASD, the gold-standard statistical bias-adjustment framework widely adopted across global 97 

impact networks (e.g., AgMIP, EURO-CORDEX). While ISIMIP3BASD relies on point-wise quantile 98 

mapping that disrupts spatial power spectra and inter-variable dependencies, CasCorrDiff overcomes these 99 

multi-dimensional limitations through a novelty two-stage cascade that bridges a 100 × resolution jump 100 

(from ∼ 100 km synoptic fields to 1 km local grids). By decomposing the task into an intermediate 10 km 101 

stage (supervised against MSWX) for macro-scale systematic bias correction, and a final 1 km stage 102 

(supervised against HYRAS) for terrain-driven conditional refinement, each stage learns the physical 103 

controls at its native scale. We evaluate whether this architecture restores the spatial covariance, daily 104 

variability, and station-scale alignment that traditional point-based methods might not necessarily capture. 105 

We compare CasCorrDiff against ISIMIP3BASD in capturing spatial power spectra and weather extremes 106 

while fully decoupling the inference from multi-decade historical baselines. 107 
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108 
Figure 1: Overview of the hybrid Cascading Corrective Diffusion (CasCorrDiff) climate downscaling framework. a) 109 
Workflow schematic illustrating the two-stage progressive resolution enhancement. The coarse ERA5 global input (100 km) is 110 
downscaled in Stage 1 to 10 km (conditioned by upper-air variables; target: MSWX) to capture large-scale patterns. Stage 2 refines 111 
this output to a kilometre-scale (1 km) grid, heavily conditioned by a high-resolution Digital Elevation Model (DEM) and utilising 112 
HYRAS/DWD as the observational ground truth. Data specifics regarding training periods, test/validation windows, and variable 113 
sets (surface and upper-air) are summarised at the bottom. b) Detailed view of the CorrDiff architecture used at each stage. (Top-114 
Left) The Elucidated Diffusion Model (EDM), showing Forward (data-to-noise) and Reverse (noise-to-data) stochastic differential 115 
equations (SDEs), illustrates the generative sampling process. (Middle) A deterministic U-Net Regression module predicts the 116 
conditional mean (capturing large-scale deterministic bias-correction), conditioned by coarse fields and, in Stage 2, by the DEM. 117 
(Top-Right) A second stochastic U-Net in the EDM performs residual generation (score matching), synthesising high-resolution 118 
details from the noisy residual, conditioning information, and the time embedding. 119 

Results 120 

Seasonal performance and daily weather variability of the downscaling framework 121 

Evaluating the downscaling pipeline against independent in-situ records from the Global Historical 122 

Climatology Network Daily (GHCNd) station network establishes the model baseline across diverse 123 

seasonal synoptic regimes. Daily maximum near-surface air temperatures along with accumulated 124 

precipitation are well-resolved, with CasCorrDiff season-model pairs clustered in the upper skill quadrant 125 

ݎ) > 0.65, NSE > 0.40). A clear hierarchy emerges when ranking performance across individual seasons, 126 

reflecting how the generative framework handles different structural features of the climate system. For 127 

daily maximum temperature, the skill rank follows the sequence Autumn (SON) > Spring (MAM) > Winter 128 

(DJF) > Summer (JJA), with 1 km CasCorrDiff reaching its peak performance in autumn (ݎ = 0.988, 129 

NSE = 0.976) and spring (ݎ = 0.984, NSE = 0.968). This indicates that the cascading framework 130 
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achieves its highest skill during stable autumn and spring synoptic setups, while complex boundary-layer 131 

interactions and higher surface heating during peak summer (JJA; ݎ = 0.972, NSE = 0.941) present the 132 

highest relative modelling error. 133 

Conversely, precipitation performance exhibits a completely different seasonal behaviour, ranking 134 

as Winter (DJF) > Spring (MAM) > Autumn (SON) > Summer (JJA). The model excels at capturing stable, 135 

frontally driven cold-season precipitation at 1 km (DJF: ݎ = 0.778, NSE = 0.599; MAM: ݎ = 0.768, 136 

NSE = 0.566), but encounters lower relative skill during summer (JJA: ݎ = 0.670, NSE = 0.445). This 137 

drop reflects the challenges of resolving highly localised, short-duration convective cells during peak 138 

summer and handling rapid convective transitions. Importantly, even during these physically challenging 139 

seasons, the cascading framework significantly outperforms the standard ERA5 bicubic interpolated 140 

baseline (which drops to ݎ = 0.604, NSE = 0.284 in JJA). Where standard bicubic interpolation suffers 141 

from chronic spatial smoothing, severely underestimates localised extreme volumes, and fails to capture 142 

true sub-grid stochastic variance, CasCorrDiff successfully recovers localised intensity distributions and 143 

structural details from ERA5. The transitions from the native 100 km ERA5 resolution down to the 10 km 144 

intermediate scale, and subsequently to the final 1 km local scale, yield a progressive increase in temporal 145 

synchronisation and magnitude calibration across all seasons. This spatial refinement is most pronounced 146 

in the Nash–Sutcliffe Efficiency (NSE) score distributions. The stepping mechanism achieves a localised 147 

gain in skill rather than a spatial redistribution of systemic error, verifying the physical reliability of the 148 

cascading approach prior to its application to uncalibrated global climate model projections. 149 

Across the complete evaluation domain, model bias evolves systematically across the pipeline 150 

hierarchy, reflecting distinct physical and methodological mechanisms (Figs. S2–3). For precipitation, 151 

coarse ERA5 (~100 km) exhibits a chronic positive bias (+9.5%), driven by the inability of coarse grids to 152 

resolve local convective dynamics. The intermediate 10 km downscaling stage absorbs much of this large-153 

scale systemic error, shifting the bias slightly negative to −8.8% (Fig. S2b). Applying statistical quantile 154 

mapping (ISIMIP3BASD) further minimises the mean bias to −3.7% (Fig. S2d); however, this distribution-155 

matching approach achieves low mean error at the expense of day-to-day temporal synchronisation. In 156 

contrast, the final 1 km CasCorrDiff model maintains a comparable bias (−7.6%; Fig. S2c) while 157 

successfully restoring local spatial texture and variability, demonstrating that intermediate downscaling 158 

handles bulk bias correction while the 1 km generative stage refines fine-scale detail. Daily maximum 159 

temperature follows a much simpler trajectory: coarse ERA5 already exhibits only a minor cold bias 160 

(−6.0%), which is progressively eliminated through intermediate downscaling down to the final 1 km 161 

CasCorrDiff output, culminating in near-zero bias (−0.6%; Figs. S3b–c). 162 
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163 
Figure 2. Scatter plots of Pearson correlation coefficient (r) versus Nash–Sutcliffe Efficiency (NSE) across all seasons 164 
(markers) and datasets (colors). Comparisons are shown for (a) daily maximum temperature (tasmax) and (d) precipitation (pr). 165 
The evaluated datasets include ERA5 (100 km resolution), CasCorrDiff downscaled predictions (10 km and 1 km), ISIMIP3BASD 166 
downscaled dataset and the DWD HYRAS reference datasets 167 

Improved representation of probability distributions and mesoscale structures 168 

Structural performance of the downscaling pipeline from synoptic to sub-mesoscale is analysed 169 

with the spatial power spectral densities of precipitation and daily maximum temperature for the test period 170 

(2020–2024). Radially symmetric spectra, derived via two-dimensional fast Fourier transforms (2D FFT) 171 

and azimuthal averaging across time steps and prediction ensembles, provide a robust characterisation of 172 

spatial variability from synoptic to local scales (1000 km to 2 km). 173 

The 10 km CasCorrDiff configuration for precipitation (Fig. 3a) recovers substantial spatial 174 

variance across the entire mesoscale regime (10–200 km). When cascaded to the 1 km local scale, the 175 

diffusion model exhibits a marked upward shift in power, with performance that closely matches the DWD 176 

HYRAS observations across the entire mesoscale spectrum. As expected, the ERA5 dataset (100 km), 177 

though it performs well in capturing synoptic-scale structures, significantly deviates at the mesoscale, 178 

reflecting the smoothened mesoscale structures. ISIMIP3BASD statistical disaggregation underrepresents 179 

fine-scale variance even though a spatial multivariate rotational correction is applied at every coarse grid. 180 

The energy at fine scales is higher than in the 10 km CasCorrDiff configuration and the MSWX observation, 181 

reflecting a tendency to inflate fine-scale features. The daily maximum temperature spectra (Fig. 3b) reveal 182 

a structurally similar hierarchy, characterised by smoother spectral slopes, reflecting the higher spatial 183 

coherence of temperature relative to stochastic precipitation fields. The 1 km CasCorrDiff predictions 184 

demonstrate exceptional performance in capturing sub-grid variance, converging perfectly with the DWD 185 

reference truth down to the km scale. Across both variables, a systematic ordering in effective spatial 186 

fidelity emerges: 187 

DWD Truth (1 km) ≈ CasCorrDiff 1 km > MSWX / CasCorrDiff 10 km>ISIMIP3BASD > ERA5 Input 188 
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This persistent hierarchy confirms that the generative framework injects physically realistic spatial 189 

structures rather than merely interpolating or statistical disaggregating coarse-scale fields. 190 

To verify performance beyond central tendencies, a quantile–quantile difference analysis evaluates 191 

distributional biases across the 5th to 95th percentiles. This diagnosis assesses the marginal distribution of 192 

the pooled space-time sample rather than evaluating spatial structures or daily variability individually. 193 

Using this metric, for example, the 95th percentile from a single empirical CDF represents the "wettest 5% 194 

of all cell-days" rather than the tail behaviour of any single station over time. 195 

For precipitation (Fig. 3c), In the upper tail, a striking divergence emerges. ERA5 exhibits a severe, 196 

monotonically increasing positive bias that accelerates to +1.12 mm/day at the 95th percentile, reflecting 197 

the artificial drizzle effect common to coarse-grid parameterisations. ISIMIP3BASD minimises the pooled 198 

marginal tail error best among the downscaled products, tracking close to perfect agreement with a minor 199 

residual underestimation of −0.19 mm/day at 95ݍ. The 10 km CasCorrDiff configuration matches this 200 

performance closely, landing at −0.21 mm/day. Conversely, the 1 km CasCorrDiff variant exhibits a 201 

distinct non-linear trajectory: it shows a slight positive bias across mid-range quantiles (+0.51 mm/day at 202 50ݍ) before dropping monotonically into a genuine dry bias of −1.10 mm/day at the 95th percentile—an 203 

underestimation representing roughly 10% of DWD's true 95ݍ value. 204 

Because this quantile analysis evaluates an unaligned, domain-wide pool, it is insulated from 205 

localised spatio-temporal phase errors (e.g., a convective event a few kilometres or days away from its 206 

target). Instead, the upper-tail deficit of the 1 km model points to a structural, macro-scale constraint within 207 

the generative framework. This signature closely matches a large-scale spectral deficit identified in the 208 

model's energy spectrum (where the ratio of CasCorrDiff to DWD energy drops to ≈ 0.6 within the 20–209 

200 km mesoscale band). A model that under-produces coherent, large-scale wet anomalies will natively 210 

yield a thinned upper marginal tail while still generating highly realistic fine-scale local textures. What 211 

CasCorrDiff buys over traditional parametric methods like ISIMIP3BASD is therefore not an optimisation 212 

of the marginal distribution—which quantile mapping targets directly by design—but a massive 213 

improvement in capturing high-frequency, sub-grid spatial variance. 214 

For daily maximum temperature (Fig. 3d), the bias structures remain bit-identical to prior 215 

configurations, revealing a highly stable thermodynamic signature. ERA5 exhibits a distinct warm bias 216 

across the majority of the distribution (+0.2 to +0.45∘C), which drops sharply into a cold bias (−0.25∘C) 217 

only at the extreme 95th percentile. ISIMIP3BASD displays a persistent cold bias across all quantiles, 218 

intensifying to −0.3∘C at the upper tail. 219 

The diffusion configurations substantially mitigate these errors. The 10 km CasCorrDiff product 220 

yields the most stable baseline, flatlining near perfect agreement (+0.05∘C) across the entire distribution. 221 

The 1 km CasCorrDiff product tracks the zero line closely but displays high-frequency quantile oscillations 222 

between the 5th and 70th percentiles before dipping at the extreme tail. This behaviour underscores the 223 

trade-off of hyper-resolution modelling: while the 1 km framework successfully resolves the full spatial 224 

probability distribution essential for regional applications, its unaligned local variance requires careful 225 

consideration when validated against point-scale instruments for the extreme tails. 226 

 227 
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 228 

Figure 3. Scale-dependent spatial power density and distributional consistency. Spatial power density over Germany (2020–229 
2024) for (a) precipitation and (b) maximum daily temperature. Spectra are computed via two-dimensional fast Fourier transforms 230 
(2D FFT) and radial averaging of spatial fields. Gray dotted lines delineate the mesoscale (10–200 km) and synoptic (200–500 km) 231 
regimes. Quantile-quantile mean error analysis for (c) precipitation and (d) maximum daily temperature. Differences between 232 
model and reference observations are evaluated across the 5th to 95th percentiles to capture broad distributions. Shaded regions 233 
denote the prediction interval for the eight ensembles. CasCorrDiff predictions (10 km and 1 km) are compared against ERA5 234 
coarse reanalysis input (~100 km), ISIMIP3BASD statistical downscaling (10 km). Reference baselines are established using DWD 235 
for 1-km methods and MSWX for 10-km methods. 236 

Spatio-temporal Representation of Climate Extremes 237 

Distributional diagnostics above establish that the marginal distributions and scale-dependent 238 

spatial variance are well reproduced, but neither reveals whether extremes occur at right locations or how 239 

long they persist and co-occurrence (joint extreme events) are preserved, the characteristics that most 240 

directly govern climate impacts such as drought, water availability, heat stress and compound extremes. 241 

Hence an evaluation of the spatial-temporal representation of temperature and precipitation extremes 242 

directly, combining station-based metrics with gridded extreme indices is pertinent for establishing 243 

CasCorrDiff framework for impact assessments. 244 
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Daily maximum temperature, being continuous rather than event-based (e.g. precipitation), is 245 

evaluated with the Wasserstein distance, which estimates the discrepancy between the modelled and 246 

observed distributions as a temporal field at each station, in place of the event-based critical success index 247 

used for precipitation; this whole-distribution measure is complemented by the extreme bias, the difference 248 

between modelled and observed 95th-percentile daily maximum temperature. The spatial-mean 249 

Wasserstein distance is lowest for CasCorrDiff at 1 km (W = 0.37), whereas CasCorrDiff at 10 km is 250 

expectedly higher (W=1.31) showing that the distributional gain is realised specifically in the final 1 km 251 

cascade (Fig. 4a–d). ISIMIP3BASD is higher compared to CasCorrDiff at 10 km. Agreement is best over 252 

northwestern Germany, while southern Germany shows the largest discrepancies for hot extremes, likely 253 

reflecting complex topography and land–atmosphere interactions. All datasets underestimate high daily 254 

maximum temperature, but the 1 km prediction has by far the smallest extreme bias (Bias95 = −0.24 °C). 255 

The 10km CasCorrDiff prediction has extreme bias of −1.4 °C which is better than −1.6 °C for both ERA5 256 

and ISIMIP3BASD (Fig. 4e–h). Regionally, these biases are smallest over northwestern Germany and 257 

strongest for hot days in the south, mirroring the Wasserstein pattern, and are computed over 2020–2024 258 

against collocated GHCNd station observations. The analogous station-based precipitation detection skill 259 

follows the same ordering (Fig. S8): the critical success index is highest for CasCorrDiff at 1 km (0.63) and 260 

declines through the CasCorrDiff 10 km, ERA5 and ISIMIP3BASD configurations (0.61–0.59), with the 261 

weakest wet-day detection and the strongest negative bias in extremes over the drier, more intermittent 262 

northeast; ERA5 shows the strongest underestimation of precipitation extremes there, whereas 263 

ISIMIP3BASD overcorrects them. CasCorrDiff at 1 km thus most accurately represents both the 264 

distribution and the extremes of daily maximum temperature, although hot days in southern Germany 265 

remain a persistent challenge. 266 

 267 

Figure 4. Spatial distribution of temporal metrics for daily maximum temperature across station locations. (a-d) Wasserstein 268 
distance (°C), measuring the optimal transport distance between the modelled and observed distributions at each station; lower 269 
values indicate closer agreement between the distributions. (e-h) Extreme temperature bias, calculated as the difference between 270 
modelled and observed 95th percentile daily maximum temperature (°C) for ERA5 (100 km; a,e), CasCorrDiff Prediction (10 km; 271 
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b,f), ISIMIP (10 km; c,g), and Prediction (1 km; ); positive (negative) values indicate overestimation (underestimation) of warm 272 
extremes. Metrics are computed over the full evaluation period (2020–2024) using collocated GHCNd station observations. 273 

To assess dry extreme conditions over a larger, continuous domain, we compare gridded fields 274 

against the MSWX reference at 10 km over 2020–2024, which enables evaluation beyond the German 275 

station network and the limited extent of the 1 km DWD HYRAS dataset. Maximum consecutive dry days 276 

(CDD; days with precipitation < 1 mm day⁻¹) provide a spatially continuous event-persistence measure 277 

(Fig. 5). Observations show longer dry spells in northeastern Germany and shorter durations in the west 278 

and south (Fig. S7), consistent with the regional precipitation climatology. Bicubic interpolated ERA5 279 

underestimates CDD across most regions, reflecting overly frequent precipitation that interrupts longer dry 280 

spells, whereas CasCorrDiff at 10 km reproduces the spatial distribution of CDD with biases comparable 281 

to the ISIMIP3BASD, though discrepancies remain in drier regions. The corresponding wet-day frequency, 282 

highest in western and southern Germany and declining toward the northeast, is broadly reproduced (Fig. 283 

S6), but ERA5 overestimates occurrence where observed frequencies are higher, while both downscaling 284 

methods overcorrect toward drier conditions (Fig. S9; CasCorrDiff, −0.5 days yr⁻¹; ISIMIP3BASD, −0.2 285 

days yr⁻¹) and ISIMIP3BASD additionally shows locally patchy behaviour (Fig. S9g). Over northern 286 

Germany both downscaling methods jointly overestimate wet-day frequency and CDD, indicating an 287 

amplified distribution—excessively dry at low quantiles and overly wet at high quantiles—that may 288 

exacerbate the region's hydroclimatic contrasts, plausibly reflecting the strong scale dependence of 289 

precipitation extremes that is difficult to capture from 100 km conditioning alone. Their joint temperature–290 

precipitation behaviour is likewise reproduced by CasCorrDiff (Fig. S10), which captures the observed co-291 

variability more closely than the narrower ERA5 distribution or the moderately over-dispersed 292 

ISIMIP3BASD, though a residual underestimation of hot–wet conditions persist from ERA5. 293 

 294 

 295 

Figure 5. Spatial distribution of maximum Consecutive Dry Days (CDD; precipitation <1 mm/day) over Germany (2020–296 
2024). The top row (a–d) displays absolute CDD values (days) for the MSWX reference, ERA5 reanalysis, CasCorrDiff prediction 297 
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(10 km), and ISIMIP3BASD (10 km). The bottom row (e–g) illustrates the model bias (days) relative to the MSWX reference. 298 
Area-weighted mean values for Germany are indicated in the bottom right of each panel. 299 

Discussion 300 

This work highlights contrasting philosophies between deep learning downscaling and traditional 301 

statistical bias-correction approaches, particularly for precipitation and daily maximum temperature, 302 

representing a major paradigm shift in regional climate downscaling. A central architectural advantage of 303 

CasCorrDiff is its cascading multi-step structure which enables massive resolution jumps possible. In this 304 

work we achieved a 100 × downscaling from coarse atmospheric inputs down to kilometre scale 305 

information. The evaluation reveals a clear functional division within the cascade: the intermediate 10 km 306 

stage performs the bulk of macro-scale systematic bias correction, while the 1 km stage functions as a 307 

conditional generator, injecting fine-scale spatial details without altering domain-averaged statistics. For 308 

daily precipitation, downscaling raw ERA5 input (ܰܵܧ = 0.284) via CasCorrDiff to 10 km substantially 309 

improves daily synchronization, while the final 1 km refinement further elevates predictive skill (ܰܵܧ =310 0.599). For daily maximum temperature, the 1 km cascade achieves near-perfect station-scale alignment 311 

ܧܵܰ) ≥ 0.941; Figs. S2-3, Fig. 2). 312 

The CasCorrDiff framework contrasts sharply with the statistical downscaling method, the 313 

ISIMIP3BASD method12, which pairs coarse-scale quantile mapping with stochastic multipoint 314 

downscaling (e.g., matrix-based spatial rotation). While ISIMIP3BASD attempts to restore fine-scale 315 

variability18,29 during disaggregation, it struggles to maintain physical consistency across complex regional 316 

domains, leading to lower skill, most notably for summer daily precipitation (ܰܵܧ = 0.19 vs. ܰܵܧ = 0.44 317 

for CasCorrDiff at 1 km). This architectural difference explains why ISIMIP3BASD posts competitive 1D 318 

precipitation quantile scores30 while failing to reproduce spatial energy spectra: by fitting point-by-point 319 

distributions, it matches marginal statistics but leaves spatial variance across coarse neighbouring cells 320 

unconstrained. Operating on a large patch-based framework, CasCorrDiff integrates upper-air synoptic 321 

channels alongside high-resolution terrain features to capture mesoscale processes like orographic lift. As 322 

a learned stochastic model, it balances marginal corrections with realistic spatial variance, matching 323 

observed power spectra across mesoscale ranges. Beyond spatial fidelity, this framework alters operational 324 

demands: while ISIMIP3BASD requires multi-decade historical baselines to construct empirical 325 

cumulative distribution functions for every run, CasCorrDiff’s inference phase is completely decoupled 326 

from historical time series, allowing it to downscale an isolated day on demand once trained. This behaviour 327 

is consistent with the role of diffusion-based models in generating high-resolution detail conditioned on 328 

coarser inputs25,31,32. 329 

While CasCorrDiff significantly outperforms standard linear interpolation and statistical baselines 330 

in capturing wet-day frequencies, dry-spell persistence, and day-to-day variability, persistent regional 331 

biases remain, particularly in topographically varied terrain and areas with higher precipitation 332 

intermittency. Furthermore, fine-scale precipitation extremes shift mechanistically across resolutions (from 333 

stratiform-dominated at coarse scales to convective-dominated at local scales), which can complicate 334 

station-scale extreme representations when coarse inputs lack the resolution to trigger mesoscale dynamics. 335 

In high-relief regions, both methods introduce a persistent negative wet-day bias that, when compounded 336 

with historical drying trends, risks exaggerating future drought projections and distorting downstream 337 
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hydrological and agricultural impact assessments. Finally, while CasCorrDiff handles joint temperature–338 

precipitation interactions far better than raw driver data, accurately simulating rare compound extremes 339 

remains an ongoing challenge, underscoring the need for improved physically guided conditioning in future 340 

generative models. 341 

Methods 342 

Climate and topographic characteristics 343 

Germany spans over a highly heterogeneous geographical area (357,000 km2
) that serves as a 344 

useful testing ground for synoptic to kilometre-scale climate downscaling. Topographically we can divide 345 

Germany into three structural zones: the low-lying North German Plain, Central Uplands and the high-346 

elevation Northern Alps along the southern border, rising above 2,500 m above sea level. This 347 

topographical gradient induces distinct regional climate regimes. The northern and northwestern regions 348 

experience a predominantly maritime climate characterized by mild winters and cool summers with year-349 

round precipitation driven by Atlantic synoptic systems. Within this overarching climate, eastern Germany 350 

stretching from the Mecklenburg Lake District through Brandenburg to Saxony-Anhalt stands out as an 351 

increasingly dry macro-region (Fig. S7a). In this area, moisture-depleted westerly winds behind upland rain 352 

shadows combine with coarse, sandy soils to drive annual rainfall below 550 mm. Progressing south-353 

eastward, the climate transitions into a more continental regime with higher seasonal temperature ranges 354 

and summer convective storms. The complex terrain of the Central Uplands and the Alps further creates 355 

strong localised microclimates governed by sharp elevation-dependent lapse rates and orographic effects. 356 

Resolving this substantial subgrid-scale spatial variance is critical for agricultural and hydrological risk 357 

assessments, but it remains fundamentally unresolved within the coarse horizontal grids of conventional 358 

global climate models. 359 

Observational baseline and independent validation networks 360 

To map these kilometre-scale climatic structures, this study relies on high-resolution gridded 361 

observations provided by the Deutscher Wetterdienst (DWD). The primary target dataset is the HYRAS 362 

meteorological reference archive, which provides daily, 1 km gridded surface fields across Germany from 363 

1951 to the present33. HYRAS covers near-surface air temperature (mean, maximum, minimum), total 364 

accumulated precipitation, downwelling shortwave solar radiation, and relative humidity. European-wide 365 

MSWX34 dataset at 10km allows for downscaling for the intermediate stage. To evaluate model 366 

performance without grid-interpolation artefacts, we utilize independent point observations from NOAA’s 367 

Global Historical Climatology Network Daily (GHCNd) database35. These land-based station records 368 

provide a true point-scale baseline to assess how well each downscaling framework reproduces local sub-369 

grid stochastic variance and extreme values. See section S1 for further details on datasets.  370 

Stage 1 downscaling: synoptic to mesoscale (100 km → 10 km) 371 

The first step of the cascading framework learns the transition from large synoptic-scale 372 

circulations down to intermediate mesoscale weather patterns over the historical period 1989–2017. 373 
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The predictor inputs for Stage 1 consist of large-scale atmospheric fields extracted from the 374 

European Centre for Medium-Range Weather Forecasts (ECMWF) ERA5 reanalysis36. To emulate the 375 

structural scale of typical global climate models from the Coupled Model Intercomparison Project (CMIP), 376 

the native ∼31 km ERA5 fields are line-interpolated to a standardized 1° grid (∼100 km). The daily 377 

aggregated inputs provided to the Stage 1 deterministic U-Net include near-surface variables: total 378 

precipitation (mm day−1), downwelling shortwave solar radiation (W m−2), relative humidity (%), and 379 

daily mean, maximum, and minimum near-surface air temperatures (K). 380 

To constrain the network with upper-air dynamics known to drive regional weather extremes over 381 

Central Europe, these surface variables are augmented with multi-level dynamic and thermodynamic 382 

predictors at the 850, 700, 500, and 200 hPa pressure surfaces, specifically: zonal (ݑ) and meridional (ݒ) 383 

wind vectors, air temperature, specific humidity, and geopotential height37 (Table S1). Offline land-surface 384 

reanalysis variants, such as ERA5-Land, are purposely excluded to avoid inheriting pre-existing model 385 

dependencies or land-surface parameterization biases38. 386 

The corresponding output of Stage 1 is a 10 km (0.1∘) resolution multi-variable weather field. The 387 

training target for this stage is the MSWX dataset. By integrating high-resolution satellite-derived 388 

microwave and infrared records with gauge observations, MSWX provides an accurate representation of 389 

intermediate mesoscale structures and convective event envelopes, acting as the bridge in our spatial 390 

cascade. 391 

Stage 2 downscaling: mesoscale to local scale (10 km → 1 km) 392 

The second stage refines the spatial structure from the intermediate 10 km mesoscale down to the 393 

final 1 km local scale, focusing on resolving topographically driven microclimates. 394 

The inputs provided to Stage 2 consist of the 10 km meteorological fields output from Stage 1 (or 395 

matching historical 10 km MSWX fields during training). To guide the localised mapping, these 396 

atmospheric drivers are tightly coupled with high-resolution static boundary features, including a 1 km 397 

Digital Elevation Model (DEM) and derived land-surface characteristics (slope, aspect, and vegetation 398 

fractional cover). The inclusion of these boundary conditions allows the Stage 2 deterministic U-Net to 399 

learn localised physical relationships, such as how regional air masses interact with mountain ridges and 400 

valley networks. 401 

The corresponding target output of Stage 2 is the 1 km gridded DWD HYRAS dataset. By 402 

separating the learning task into these two distinct stages, Stage 1 isolates the mapping of fluid atmospheric 403 

dynamics across scales, while Stage 2 specializes in anchoring those intermediate weather fields to fixed, 404 

high-resolution terrestrial characteristics. 405 

Cascading correction diffusion model formulation 406 

To resolve sub-grid scale uncertainty and prevent the spatial smoothing typical of standard neural 407 

network regressions, the Cascading Correction Diffusion model (CasCorrDiff) integrates a stochastic 408 

component at each stage using a residual learning framework25,28,39. 409 
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At each downscaling tier, the coarser input field is upsampled to the target spatial grid using bilinear 410 

interpolation for continuous variables, and first-order conservative remapping for precipitation to maintain 411 

mass conservation across scales. The deterministic U-Net first estimates the conditional mean state of the 412 

target variable from these upsampled inputs. 413 

A second, stochastic U-Net is then embedded within an Elucidated Diffusion Model (EDM) 414 

framework40 to model only the residual difference (0ݔ) between the deterministic conditional mean estimate 415 

and the true high-resolution observations. By isolating sub-grid stochastic variance, this formulation 416 

simplifies the loss landscape and forces the generative model to focus entirely on synthesising missing fine-417 

scale spatial textures and turbulent fields. 418 

Within each cascading block, the high-resolution conditional residual distribution (ݕ|0ݔ)݌ is 419 

resolved through a continuous-time score-based generative framework23,24. The forward diffusion process 420 

systematically perturbs the target high-resolution residual field into isotropic Gaussian noise over a 421 

continuous time horizon ݐ ∈ [0, ܶ], governed by the stochastic differential equation: 422 ݀ݔ = ݐ݀ݔ(ݐ)݂ +  423 ݓ݀(ݐ)݃

where ݂(ݐ) represents the drift coefficient, ݃(ݐ) denotes the diffusion coefficient, and ݓ represents 424 

a standard multi-dimensional Wiener process. Generative synthesis is achieved by integrating the 425 

corresponding reverse-time SDE from the noise horizon ܶ back to the physical data state 0: 426 ݀ݔ = ݔ(ݐ)݂] − ௫ߘ2(ݐ)݃ log ௧݌ ݐ݀[(ݕ|ݔ) +  427 ݓ̅݀(ݐ)݃

where ̅ݓ represents a backward Wiener process. The score function, ߘ௫ log ௧݌  describes the 428 ,(ݕ|ݔ)

gradient of the log-probability density at time step ݐ and is approximated by our stochastic U-Net (߳ఏ), 429 

optimized via a conditional denoising score matching objective: 430 minఏ ॱ௧,௫0,ఢ ,௧ݔ)ఏ߳‖(ݐ)ߣ] ,ݐ (ݕ − ߳‖2] 431 

where ߳ ∼ ࣨ(0,  is a time-dependent weighting profile optimized to balance sample 432 (ݐ)ߣ and ,(ܫ

quality across diverse spatial frequencies40. The reverse SDE is solved using a second-order Heun-based 433 

numerical sampler over 35 steps, minimizing the number of necessary network evaluations while 434 

preventing structural blur. 435 

The network models are trained on historical data spanning 1989–2017. To ensure robust 436 

evaluation under shifting climate conditions, we apply a strict chronological data split: 2018-2019 data are 437 

used exclusively for validation loss monitoring and hyperparameter tuning, while 2020–2024 data are 438 

withheld as a fully independent test set20. 439 

The U-Net architectural backbone 440 

The core computational building block for both the deterministic and stochastic modules in this 441 

study is a two-dimensional U-Net architecture41. This encoder-decoder framework with skip connections is 442 

inherently optimized for geophysical downscaling tasks because its symmetric hierarchical structure allows 443 
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the network to process large-scale contextual atmospheric patterns while simultaneously preserving pixel-444 

aligned spatial details. 445 

The down-sampling path (encoder) progressively reduces the spatial dimensions of the input fields 446 

through a series of convolutional layers while increasing feature channel density. Each encoder block 447 

consists of 3 × 3 convolutions, group normalization, and sigmoid-weighted linear unit (SiLU) activations, 448 

supplemented by self-attention layers at lower spatial resolutions to capture non-local teleconnections. This 449 

compression path isolates abstract, large-scale synoptic features such as pressure gradients and regional 450 

thermal advection. 451 

The up-sampling path (decoder) systematically mirrors the encoder, progressively reconstructing 452 

the target high-resolution spatial grid. At each up-sampling step, high-resolution feature maps from the 453 

encoder are transferred directly to the decoder via skip connections. These connections bypass the 454 

bottlenecks of the network, preventing the loss of fine-grained spatial information. 455 

For the deterministic module of our framework, the U-Net takes coarse atmospheric fields 456 

alongside static surface boundary features as inputs, and outputs a single, smooth deterministic prediction 457 

representing the conditional mean state of the target climate variable. For the stochastic module, the U-Net 458 

is modified to accept a noisy residual field and a scalar time-step embedding as additional inputs, outputting 459 

a denoising score vector that directs the generation of sub-grid atmospheric textures. 460 

Benchmarking and statistical verification metrics 461 

To benchmark CasCorrDiff, we implement the Inter-Sectoral Impact Model Intercomparison 462 

Project framework (ISIMIP3BASD)12. Unlike our generative approach, ISIMIP3BASD sequentially 463 

decouples bias correction and spatial downscaling. First, parametric quantile mapping is performed at the 464 

native resolution of the climate input to adjust systematic distributional errors relative to the observations 465 

while strictly preserving the underlying long-term climate change trend. For a selected variable ݔ, the trend-466 

preserving mapping is formalised as: 467 ݔadj =  468 ((ݔ)obsܨ)1−ܩ

where ܨ and ܩ represent the cumulative distribution functions (CDFs) of the model and 469 

observational baselines, respectively. Variable-specific distribution profiles are selected to enforce physical 470 

boundaries (e.g., Gamma for precipitation, Gaussian for temperature/radiation, and Beta for bounded 471 

relative humidity). To enforce multi-scale physical mass balance, a spatial aggregation constraint is 472 

explicitly locked: 473 ⟨ݔdown⟩ =  coarse 474ݔ

where ⟨⋅⟩ indicates the spatial average over the coarse grid domain. Spatial downscaling to the 475 

targeted 10 km grid is subsequently completed via a multivariate bias-correction technique (Cannon, 2018), 476 

which iteratively applies orthogonal random rotations in the spatial space combined with independent 477 

univariate quantile mapping. 478 
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Model evaluation is conducted over the independent test window (2020–2024) across all 800+ 479 

stations. A minimum threshold of 10 valid paired daily observations is required per station to compute the 480 

metrics. 481 

To evaluate spatial intermittency and diagnose spatial smoothing, we compute the Radially 482 

Averaged Power Spectral Density (RAPSD)21. The 2D power spectrum of a spatial field ܺ(ݔ,  is derived 483 (ݕ

via discrete Fourier coefficients: 484 

ܲ(݇௫, ݇௬) = ܰܯ1 |ܺ̂(݇௫ , ݇௬)|2 485 

where ܯ and ܰ represent the grid boundaries. The 2D power spectrum is azimuthally integrated to 486 

provide a 1D scale-dependent energy distribution: 487 

RAPSD(݇௥) = ∫ߨ12 ܲ2గ
0 (݇௥ cos߶ , ݇௥ sin߶)݀߶ 488 

where ݇௥ = √݇௫2 + ݇௬2 is the radial wavenumber. 489 

Temporal synchronization and continuous grid skill are validated using the Nash–Sutcliffe 490 

Efficiency (Nash and Sutcliffe, 1970): 491 

NSE = 1 − ∑ obs,௜ݔ) − ∑pred,௜)2௡௜=1ݔ obs,௜ݔ) − obs)2௡௜=1ݔ̅  492 

where ݔobs,௜ and ݔpred,௜ represent observed and downscaled daily series, and ̅ݔobs is the stationary 493 

station mean. 494 

Full distributional alignment across the entire range of values is quantified via the first-order 495 

Wasserstein distance: 496 

,ܨ)1ܹ (ܩ = ∫ (ݔ)ܨ| − ∞|(ݔ)ܩ
−∞  497 ݔ݀

where ܨ and ܩ are the empirical CDFs of the observations and predictions. 1ܹ maintains the 498 

physical unit of the variable under assessment. 499 

Precipitation state occurrence and spatial displacement fidelity are validated using the Critical 500 

Success Index42, calculated using a binary wet-day threshold (≥ 1.0 mm day−1): 501 

CSI = Hits
Hits + Misses + False Alarms

 502 

The framework's extreme verification capacity is isolated at the 95th percentile (Bias௣95): 503 
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Bias௣95 = pred,௣95ݔ −  obs,௣95 504ݔ

where ݔpred,௣95 and ݔobs,௣95 are the 95th percentile thresholds of the downscaled and observed 505 

distributions, respectively. 506 

Code Availability 507 

The CasCorrDiff code is available open-source on GitHub  508 

(https://github.com/Kaushikreddym/CasCorrDiff) and archived on Zenodo (DOI: 509 

10.5281/zenodo.19879687). The software is licensed under the MIT License. The datasets required for 510 

training are downloaded, cleaned, and post-processed using “climdata” python package 511 

(https://kaushikreddym.github.io/climdata/). The ISIMIP3BASD method codes are available from Lange 512 

et al., (2019) and vendorized in climdata.  513 

Data Availability 514 

All primary datasets used in this study are publicly available from their respective open repositories: ERA5 515 

reanalysis from the ECMWF Copernicus Climate Data Store, MSWX from GloH2O, HYRAS reference 516 

grids from the Deutscher Wetterdienst (DWD) Climate Data Center, GHCNd station records from NOAA 517 

NCEI (see Table S1 for download links). 518 
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     min  𝜃 ⁡    𝔼  t ,   x 0 , 𝜖  [ 𝜆  ( t )    ‖   𝜖  𝜃  (   x  t , t , y ) − 𝜖 ‖ 2 ]


  𝜖 ∼ 𝒩  ( 0 , I )


  𝜆  ( t )


  r = 0 . 988


  3 × 3


  x


    x  adj =   G  − 1  (   F  obs  ( x ) )


  F


  G


   ⟨   x  down ⟩ =   x  coarse


   ⟨ ⋅ ⟩


  X  ( x , y )


  P  (   k  x ,   k  y ) =  1  M N    |   X ˆ  (   k  x ,   k  y ) | 2


  M


  NSE = 0 . 976


  N


  RAPSD  (   k  r ) =  1  2 𝜋   ∫ 0  2 𝜋  P  (   k  r  cos ⁡  𝜙 ,   k  r  sin ⁡  𝜙 ) d 𝜙


    k  r =    k  x 2 +   k  y 2


  NSE = 1 −     ∑  i = 1  n     (   x  obs , i −   x  pred , i ) 2    ∑  i = 1  n     (   x  obs , i −     x -  obs ) 2


    x  obs , i


    x  pred , i


      x -  obs


    W 1  ( F , G ) =   ∫  − ∞ ∞   | F  ( x ) − G  ( x ) | d x


  F


  G

