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ORCID: 0000-0001-6010-2330 9 Abstract 10 

Localized convective rainfall is difficult to predict because small storm-displacement errors can 11 

produce large grid-point forecast errors over cities. This study develops, implements, and 12 

evaluates a physics-first hybrid forecasting workflow for a flash-flood-producing event over 13 

Baltimore, Maryland, on 28 July 2026, combining convection-permitting Weather Research and 14 

Forecasting (WRF) simulations, Weather Research and Forecasting Data Assimilation (WRFDA) 15 

using three-dimensional variational (3DVAR) radar assimilation, and conditional-diffusion 16 

probabilistic postprocessing. Three 3 km WRF experiments were conducted and compared. 17 

These included a control without radar assimilation (CTRL), assimilation of KLWX NEXRAD 18 

radial velocity (RV), and assimilation of radial velocity plus reflectivity (RV+RF), with the two 19 

radar-assimilation experiments performed using a single 21 UTC WRFDA. Multi-Radar Multi-20 

Sensor (MRMS) quantitative precipitation estimates were the primary verification data. Radar 21 

assimilation produced measurable analysis increments but did not correct the dominant 22 

rainfall displacement: six-hour root mean squared error (RMSE) remained about 21.7 mm, 23 

Pearson correlation remained near −0.06, and rainfall-centroid displacement remained about 24 

40 km. A neural-network diffusion model was then evaluated using five geometry-defined 25 

spatial folds, 30 km blocks, and a 9 km exclusion buffer. Across all experiments, postprocessing 26 

reduced hourly RMSE by 15-16%, continuous ranked probability score by about 39%, and six-27 

hour RMSE by 25-27%, while six-hour correlation increased to 0.521-0.540. Paired spatial-28 

block bootstrap replicates supported improvement in every primary continuous and 29 

probabilistic metric, and centroid displacement decreased to 0.84-3.86 km. Distributional 30 

Reliability Explanation Attribution across 80 independently retrained model realizations 31 

identified 10 m wind, rainwater, surface pressure, 33 km mean precipitation, and ice as the 32 

most reliable distributional controls. Extreme rainfall remained challenging at the highest 33 

thresholds. For this event, convection-permitting WRF, radar-informed analyses, and neural-34 

network probabilistic postprocessing formed a hybrid framework that substantially improved 35 

localized high-impact rainfall prediction while retaining explicit uncertainty and interpretable 36 

model controls. 37 
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1. Introduction 42 

Short-duration convective rainfall is a major challenge for urban hazard prediction because the 43 

most damaging rainfall can be localized and small errors in storm position can produce large 44 

grid-point forecast errors. High-resolution numerical weather prediction can represent 45 

convective structure more explicitly than coarser models, but greater spatial detail does not 46 

guarantee accurate placement of precipitation (Roberts and Lean 2008). This matters for 47 

climate-risk services and adaptation planning because local decisions require information 48 

about both rainfall magnitude and forecast uncertainty. The present study addresses prediction 49 

methodology for a high-impact rainfall event.  50 

Weather-radar data assimilation offers a direct route for improving convective initial 51 

conditions. The Weather Research and Forecasting Data Assimilation system (WRFDA) 52 

supports variational assimilation of conventional and radar observations within the Weather 53 

Research and Forecasting (WRF) modeling framework (Barker et al 2012). Radar radial 54 

velocity can constrain wind structure, while reflectivity can add information related to 55 

hydrometeors and latent heating. However, improvements in the analysis do not necessarily 56 

translate into better short-range precipitation forecasts because model error, storm 57 

displacement, microphysical adjustment, and rapid convective evolution can dominate after 58 

initialization (Sun 2013). A useful evaluation should therefore preserve the possibility that a 59 

technically successful assimilation produces no meaningful precipitation benefit. 60 

Probabilistic machine learning provides a different opportunity. Denoising diffusion 61 

probabilistic models learn conditional distributions by reversing a prescribed noising process 62 

(Ho et al 2020). Diffusion models have been extended to tabular data (Kotelnikov et al 2023; 63 

Ibebuchi and Ibebuchi 2026), global probabilistic weather prediction (Price et al 2025), and 64 

precipitation bias correction and downscaling (Aich et al 2026). Their main advantage for 65 

rainfall postprocessing is that they can generate a predictive distribution rather than only a 66 

point correction. Evaluation then requires proper scoring rules and explicit attention to 67 

calibration and sharpness (Hersbach 2000; Gneiting and Raftery 2007; Gneiting et al 2007). 68 

Moreover, spatial dependence must also be respected during validation because random row 69 

splits can give overoptimistic estimates when neighboring observations are similar (Roberts et 70 

al 2017). 71 

A second problem is interpretation. A successful probabilistic correction does not by itself show 72 

which parts of the modeled atmospheric state support the recovered prediction. Distributional 73 

Reliability Explanation Attribution (DREA) was developed to quantify how reliably perturbing 74 

a predictor changes different properties of a diffusion predictive distribution, including 75 
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distributional displacement, interval width, variance, upper-tail probability, and probabilistic 76 

skill (Ibebuchi and Huang 2026). DREA is a fitted-model sensitivity framework and is not a 77 

causal attribution method. 78 

This study combines these elements in a single falsifiable workflow for the 28 July 2026 79 

Baltimore convective event. The 28 July 2026 Baltimore convective event produced widespread 80 

urban flash flooding, submerged vehicles, hail, and thousands of power outages, as documented 81 

by Thompson and Aunkst (2026). In this study, three questions are addressed. First, does 82 

single-cycle NEXRAD radial-velocity or radial-velocity-plus-reflectivity assimilation improve 0–83 

6 h precipitation relative to a no-radar control? The prespecified physical hypothesis was that 84 

radar assimilation would reduce rainfall error and displacement and improve heavy-rain skill. 85 

Second, if the raw forecasts remain displaced, can a conditional diffusion model recover held-86 

out spatial precipitation skill without random row splitting? Third, which input groups reliably 87 

alter the calibrated predictive distribution, and are those explanations stable across 88 

independently retrained model realizations and calibration choices? 89 

2. Data and methods 90 2.1 Event and experimental design 91 

The case occurred on 28 July 2026 over the Baltimore, Maryland, urban corridor. The National 92 

Weather Service Baltimore/Washington office issued a Flash Flood Warning at 2116 UTC (1716 93 

EDT) for Baltimore City and adjacent parts of Baltimore and Anne Arundel Counties after 94 

Doppler radar indicated thunderstorms producing heavy rain. The warning reported 0.5–1.5 95 

inches already fallen and an additional 1.5–2.5 inches possible (National Weather Service 96 

Baltimore/Washington 2026). 97 

WRF version 4.8.0 (Skamarock et al 2019) was configured with a 9 km outer domain and a 3 98 

km convection-permitting inner domain centered at 39.2904 degrees N, 76.6122 degrees W. 99 

The inner domain contained 181 x 181 grid points and 45 vertical levels. Initial and boundary 100 

conditions were taken from the National Centers for Environmental Prediction Global Forecast 101 

System 0.25 degree analysis and forecast fields. The control integration began at 1200 UTC 28 102 

July and ran through 0300 UTC 29 July. The radar analysis time was 2100 UTC 28 July, followed 103 

by a matched six-hour forecast through 0300 UTC. 104 

The physics configuration was identical among experiments: Thompson microphysics 105 

(Thompson et al 2008), Grell-Freitas cumulus parameterization on the 9 km domain and no 106 

cumulus parameterization on the 3 km domain (Grell and Freitas 2014), RRTMG radiation, 107 

Mellor-Yamada-Nakanishi-Niino boundary-layer and surface-layer schemes, and Noah-MP 108 

land-surface physics (Niu et al 2011). The model time step was 45 s, one-way nesting was used, 109 

and output was saved hourly (Table S1). 110 

Three experiments were evaluated (table 1). CTRL used no radar assimilation. RV assimilated 111 

KLWX radial velocity. RV+RF assimilated the same radial velocity together with radar 112 
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reflectivity. Except for the radar observation contents and reflectivity activation, the two 113 

WRFDA experiments used the same background, background-error covariance, domain, 114 

minimization settings, and analysis time. 115 

 116 

 117 

Table 1. Experimental design. 118 

Experiment Radar assimilation Analysis/start 
Verification 

window 

CTRL 
No radar 

assimilation 
12 UTC 28 Jul 2026 

21 UTC 28 Jul–03 

UTC 29 Jul 2026 

RV KLWX radial velocity 21 UTC 28 Jul 2026 
21 UTC 28 Jul–03 

UTC 29 Jul 2026 

RV+RF 
KLWX radial velocity 

+ reflectivity 
21 UTC 28 Jul 2026 

21 UTC 28 Jul–03 

UTC 29 Jul 2026 

 119 2.2 Radar processing and WRFDA 120 

Level-II KLWX NEXRAD data were obtained for 2030–2130 UTC. The volume beginning at 121 

210104 UTC, 64 s after the analysis time, was used. Radar processing was performed with Py-122 

ART 2.2.5 (Helmus and Collis 2016). Quality control retained gates between 10 and 150 km 123 

range and elevation angles no greater than 10 degrees. Reflectivity was restricted to 5–75 dBZ, 124 

and a copolar correlation threshold of 0.80 was used when available. Radial velocity was 125 

dealiased using the region-based Py-ART procedure. The selected volume contained 126 

15,168,960 gates; 787,742 reflectivity gates and 449,269 velocity gates remained after quality 127 

control. 128 

Radar superobservations were generated on 6 km horizontal and 500 m vertical bins, requiring 129 

at least three gates per bin. Radial velocity used the median and a 2 m s-1 observation error. 130 

Reflectivity used a mean calculated in linear reflectivity factor and a 5 dBZ observation error. 131 

The RV input contained 1,123 profiles and 8,528 levels. The RV+RF input contained 1,269 132 

profiles and 11,282 levels. 133 

WRFDA three-dimensional variational assimilation followed the community variational 134 

framework described by Barker et al (2012) and Sun (2013). A domain-specific control-variable 135 

option 7 background-error covariance was generated from 25 independent pre-event WRF 136 

forecasts initialized every 12 h from 14 to 26 July 2026. Twenty-four 24 h minus 12 h National 137 

Meteorological Center forecast-difference pairs were used. Both radar experiments used this 138 

identical covariance. For the RV+RF experiment, WRFDA was configured to assimilate radar 139 

reflectivity in addition to radial velocity using its cloud-analysis options. Radar-derived 140 

humidity adjustments were not applied (Table S2). 141 
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The final analyses were inserted into pristine 2100 UTC restart states by replacing only fields 142 

modified by WRFDA, while retaining restart-specific state and tendencies. No clipping or 143 

outcome-dependent correction was applied. This avoided negative rainwater values produced 144 

by an earlier full-file restart replacement and preserved the matched forecast design. 145 2.3 Precipitation observations and physical verification 146 

Multi-Radar Multi-Sensor (MRMS) one-hour quantitative precipitation estimates were the 147 

primary precipitation reference (Zhang et al 2016). In addition, the National Centers for 148 

Environmental Prediction (NCEP) Stage IV gridded precipitation analysis (hereafter Stage IV) 149 

was used as an independent secondary observational product. All products were harmonized 150 

to the 3 km WRF inner grid. MRMS was interpolated with up to nine inverse-distance neighbors 151 

within 8 km; Stage IV used up to four neighbors within 15 km. The primary verification region 152 

comprised 3,280 WRF cells within 100 km of Baltimore. Full-domain results were retained as 153 

sensitivity analyses. 154 

Hourly WRF precipitation was computed from differences in accumulated convective and grid-155 

scale rainfall fields. Six hourly periods from 2100–2200 UTC through 0200–0300 UTC were 156 

summed for the six-hour verification. Continuous metrics were mean bias, mean absolute error 157 

(MAE), mean squared error (MSE), root mean squared error (RMSE), Pearson correlation, 158 

maximum-location displacement, and precipitation-weighted centroid displacement. 159 

Categorical verification used 2, 5, 10, 25, and 50 mm six-hour thresholds. Critical success index 160 

(CSI), probability of detection (POD), false-alarm ratio (FAR), and equitable threat score (ETS) 161 

were calculated. Fractions skill score was additionally evaluated at 5, 10, 25, and 50 mm over 162 

neighborhood widths from approximately 3 to 63 km following Roberts and Lean (2008). 163 

The primary physical hypothesis was evaluated before any machine-learning analysis. Radar 164 

assimilation was considered meaningfully successful only if RV or RV+RF improved rainfall 165 

placement and heavy-rain prediction relative to CTRL, rather than merely producing nonzero 166 

analysis increments. 167 2.4 Diffusion dataset and spatial validation 168 

The postprocessing table contained 3,280 physical cells, six forecast hours, and three forecast 169 

experiments, giving 59,040 rows. The target was MRMS hourly precipitation. Predictors were 170 

derived only from information available in the WRF forecasts or radar-assimilation analyses. 171 

They included local and neighborhood WRF precipitation, 10 m wind, 2 m temperature and 172 

water vapor, surface pressure, planetary boundary-layer height, terrain height, lowest-model-173 

level water vapor, maximum vertical velocity, hydrometeor maxima, and profiles summarizing 174 

radar-assimilation increments. Experiment indicators and forecast lead hour were also 175 

retained. Geographic coordinates were used only for spatial splitting and auditing, not as 176 

predictors. Predictor availability was screened using training information only; the final 177 

prespecified manifest contained 32 conditioning variables. The 32 conditioning variables are 178 

summarized by physical group in Table S4. 179 
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Spatial dependence was handled before model fitting. Cells were assigned deterministically to 180 

30 km geometry-defined blocks and five outer folds, with a 9 km spatial exclusion buffer. All six 181 

hours and all three experiments from a physical cell remained in the same fold. For each outer 182 

test fold, the next fold in sequence was used for validation, and the remaining eligible folds were 183 

used for training. No random row split was used. This spatial validation design reduces 184 

dependence between the training and test data and evaluates how well the model transfers to 185 

held-out locations within the same event (Roberts et al 2017). The composition of the five outer 186 

test folds is reported in Table S3. 187 2.5 Conditional diffusion model 188 

The response was transformed as log(1 +  A scalar conditional denoising 189 .(݊݋݅ݐܽݐ݅݌݅ܿ݁ݎ݌

diffusion probabilistic model was trained separately within each outer split. The forward 190 

process added Gaussian noise over 100 diffusion steps using a linear beta schedule from 191 

0.0001 to 0.02. If 0ݕ denotes the transformed precipitation target and ݔ the conditioning 192 

vector, the forward diffusion distribution at step ݐ was 193 ݕ)ݍ௧ ∣ (0ݕ = ,0ݕ௧ߙ̅√)ࣨ   (1 −  194 (1)                                                                                                  (ܫ(௧ߙ̅

Here, ݕ௧ is the noisy target at diffusion step ߙ̅ ,ݐ௧ controls how much of the original signal 195 

remains at that step, and ܫ is the identity matrix. 196 

A multilayer perceptron predicted the added noise conditional on ݕ௧, diffusion step t, and ݔ. The 197 

denoiser used three hidden layers of width 256, a 32-dimensional time embedding, SiLU 198 

activations, and 0.05 dropout. Optimization used AdamW with learning rate 0.001, weight 199 

decay 0.0001, batch size 2,048, gradient clipping at 1.0, a maximum of 120 epochs, and early 200 

stopping after 15 validation epochs without improvement. All standardization was fitted on the 201 

outer-training data only. 202 

For each held-out row, 50 reverse-diffusion samples were generated and transformed back to 203 

millimeters. The predictive median was the deterministic postprocessed estimate. 204 

Distributional evaluation used the continuous ranked probability score (CRPS; Hersbach 2000), 205 

the Brier score for precipitation >=25 mm h-1, central 90% interval coverage, and interval 206 

width. Proper scores and the calibration-sharpness distinction followed Gneiting and Raftery 207 

(2007) and Gneiting et al (2007). 208 2.6 Calibration 209 

The prespecified primary calibration used fold-specific symmetric spread scaling, with the 210 

scaling factor selected only from the inner spatial-validation fold. For predictive sample ݕ(௦) 211 

with sample median ݉, the calibrated value was 212 ̃ݕ(௦) = max[0,  ݉ + (௦)ݕ)߬ − ݉)]                     (2) 213 

Here, ߬ is the fold-specific spread-scaling factor. Values of ߬ > 1 widen the predictive 214 

distribution around its median, whereas ߬ < 1narrows it. The maximum with zero prevents 215 

calibrated precipitation from becoming negative. 216 
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The scalar ߬ was selected to minimize the absolute deviation of 90% coverage from 0.90, with 217 

interval score as a tie-breaker. The resulting fold-specific values were 1.07, 1.07, 1.04, 1.02, and 218 

1.10. Fold-specific calibration parameters are reported in Table S6. Outer-test outcomes were 219 

not used in calibration selection. 220 

Sensitivity analyses evaluated probability-integral-transform recalibration, asymmetric spread 221 

scaling, Mondrian asymmetric scaling, and symmetric/asymmetric additive conformal 222 

corrections. These methods were retained as sensitivity analyses rather than used to replace 223 

the prespecified primary method after observing outer-test performance. A separate 224 

exploratory analysis also tested an adaptive full-distribution calibration algorithm that selected 225 

how much recent calibration history to use from information available before each target 226 

outcome; its procedure and results are reported in Supplementary Section S5.1. 227 2.7 Distributional Reliability Explanation Attribution 228 

DREA was applied only after the diffusion model passed a prespecified predictive-skill gate 229 

(Ibebuchi and Huang 2026; Ibebuchi and Ibebuchi 2026). The discovery sample used outer fold 230 

4, chosen before DREA because it was the largest geometry-defined holdout. A target-231 

independent fixed sample of 50 physical cells was selected, producing 900 records (50 cells x 232 

three experiments x six forecast hours). 233 

Eighty independent model realizations were created by resampling 30 km training blocks with 234 

replacement and retraining the complete conditional diffusion model in each realization. Each 235 

realization received its own inner-validation symmetric-spread calibration. Thirty distribution 236 

samples per record were used for attribution. Twenty-six DREA perturbation units were 237 

evaluated. Exact deterministic derivatives were grouped and perturbed jointly; for example, 238 

U10, V10, and wind speed formed a single 10 m wind-vector unit. Experiment indicators and 239 

lead hour remained conditioning variables but were not perturbed because independent 240 

shuffling could create physically invalid experiment-lead combinations. 241 

For each DREA unit, values were shuffled within experiment-by-lead-hour strata. Full and 242 

perturbed distributions were sampled using common random numbers. Five absolute 243 

distributional responses were computed: Wasserstein distance, change in central 90% interval 244 

width, change in predictive variance, change in probability of exceeding 25 ݉݉ ℎ−1, and change 245 

in CRPS. A global materiality threshold for each component was specified at the 60th percentile 246 

of the pooled raw effect distribution. The DREA probability for a unit and component was the 247 

fraction of independently retrained realizations in which the perturbation exceeded that 248 

threshold. Mean DREA was the arithmetic mean of the five probabilities. Stability was assessed 249 

at nested 30-, 50-, and 80-realization checkpoints and against the asymmetric-spread 250 

calibration sensitivity. DREA describes predictive sensitivity of the fitted model.  251 2.8 Spatial uncertainty and reproducibility 252 

A final paired nonparametric bootstrap quantified uncertainty in the prespecified 253 

postprocessing comparison. Forty-five 30 km spatial blocks were sampled with replacement 254 
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for 2,000 replicates. Each sampled block retained all linked cells, hours, and experiments, and 255 

raw and postprocessed forecasts were evaluated on identical resamples. Ninety-five per cent 256 

confidence intervals were the 2.5th and 97.5th percentiles of the paired postprocessed-minus-257 

raw difference. 258 

Precipitation-centroid displacement was harmonized to the original physical-verification 259 

definition before final reporting. Only cells with precipitation >=1 mm contributed; latitude and 260 

longitude were precipitation weighted and forecast-observation distance was computed with 261 

the haversine formula. The recomputed raw centroids reproduced the original verification 262 

values to less than 5 × 10−9 km, providing an exact implementation check. 263 

3. Results 264 3.1 Radar assimilation changed the analysis but did not correct the rainfall forecast 265 

The WRFDA analyses produced substantial minimization and nonzero dynamic increments, 266 

confirming that the radar observations were ingested. This technical success, however, did not 267 

translate into meaningful precipitation improvement over Baltimore. 268 

MRMS observed a six-hour mean of 17.60 mm and a maximum of 79.36 mm in the 100 km 269 

region. The corresponding raw WRF means were only 1.48, 1.50, and 1.51 mm for CTRL, RV, 270 

and RV+RF, respectively, and their regional maxima remained about 21 mm. Six-hour RMSE 271 

was therefore nearly unchanged: 21.744 mm for CTRL, 21.748 mm for RV, and 21.725 mm for 272 

RV+RF. Pearson correlation was negative in all three experiments (−0.062, −0.066, and 273 −0.065). Precipitation-weighted centroid displacement was 40.06, 39.61, and 40.02 km, 274 

respectively. 275 

The categorical results showed the same failure at heavy-rain thresholds. At 25 mm, MRMS 276 

contained 952 event cells, while all three raw forecasts contained zero event cells within the 277 

primary region. CSI, POD, and ETS were therefore zero. Lower thresholds showed only small 278 

differences among the experiments: at 10 mm CSI was 0.005 for CTRL and 0.006 for both radar-279 

assimilation experiments. Stage IV verification produced the same qualitative result. Secondary 280 

Stage IV verification and neighborhood-scale fractions skill scores are provided in Table S5 and 281 

Figure S1, respectively. The primary radar-assimilation hypothesis was therefore not 282 

supported. A single WRFDA 3DVAR assimilation of KLWX radial velocity, or radial velocity plus 283 

reflectivity, produced measurable analysis increments but did not overcome the dominant 284 

rainfall displacement during the subsequent 0–6 h forecast (figure 1). 285 
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 286 

Figure 1. Six-hour precipitation from 2100 UTC 28 July to 0300 UTC 29 July 2026 within 100 km 287 

of Baltimore. MRMS observations are compared with raw WRF forecasts from CTRL, RV, and RV+RF 288 

and with conditional-diffusion median reconstructions. All panels use the same precipitation scale; the 289 

star marks Baltimore. 290 3.2 Conditional diffusion recovered substantial held-out spatial skill 291 

Postprocessing improved the major deterministic and probabilistic metrics in every 292 

experiment (table 2). Hourly RMSE decreased from 7.040 to 5.964 mm for CTRL, 7.042 to 5.903 293 

mm for RV, and 7.021 to 5.890 mm for RV+RF, reductions of 15–16%. Hourly MAE decreased 294 

by 18–19%. Pearson correlation increased from approximately zero to 0.503–0.516. CRPS fell 295 

from 3.027–3.041 mm to 1.825–1.859 mm, an improvement of about 39%. 296 

 297 

Table 2. Primary MRMS performance before and after conditional-diffusion postprocessing. 298 

Confidence intervals are paired diffusion-minus-raw differences from 2,000 30 km spatial-block 299 

bootstrap replicates. 300 

Experiment 

Hourly 

RMSE 

(mm) 

Hourly 

CRPS 

(mm) 

6-h RMSE 

(mm) 

95% CI 

RMSE 

diff. 

6-h spatial 

Pearson r 

95% CI for 

change in 

spatial r 

Centroid 

(km) 

CTRL 
7.040 -> 

5.964 

3.038 -> 

1.859 

21.744 -> 

16.309 

−6.798 to −3.951 

−0.062 -> 

0.521 

0.300 to 

0.794 
40.06 -> 2.15 

RV 
7.042 -> 

5.903 

3.041 -> 

1.827 

21.748 -> 

15.993 

-7.369 to -

4.188 

−0.066 -> 

0.540 

0.316 to 

0.843 
39.62 -> 0.84 

RV+RF 
7.021 -> 

5.890 

3.027 -> 

1.825 

21.725 -> 

15.832 

-7.370 to -

4.443 

−0.065 -> 

0.532 

0.311 to 

0.808 
40.02 -> 3.86 

 301 

Six-hour reconstruction showed larger relative gains (table 2). The paired 30 km spatial 302 

bootstrap supported these improvements (figure 2). The six-hour RMSE difference (diffusion 303 

minus raw) was −5.435 mm for CTRL with a 95% interval of [−6.798, −3.952], −5.755 mm 304 

[−7.369, −4.188] for RV, and −5.893 mm [−7.371, −4.443] for RV+RF. Correlation gains were 305 
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0.583 [0.300, 0.794], 0.606 [0.316, 0.843], and 0.597 [0.311, 0.808], respectively. Every primary 306 

hourly and six-hour continuous/probabilistic metric had a confidence interval supporting 307 

improvement (table 2).  308 

Furthermore, the harmonized centroid result confirmed that the gain was not only a reduction 309 

in mean error. Centroid displacement decreased from 40.06 to 2.15 km for CTRL, 39.61 to 0.84 310 

km for RV, and 40.02 to 3.86 km for RV+RF. Paired bootstrap intervals for the diffusion-minus-311 

raw displacement were entirely below zero in all three cases. This metric represents the center 312 

of the precipitation distribution and should not be interpreted as perfect grid-cell recovery; the 313 

postprocessed correlations remained about 0.52–0.54. 314 

 315 

 316 

 317 

Figure 2. Paired 30 km spatial-block bootstrap estimates of postprocessing improvement for six-318 

hour precipitation. Values are diffusion minus raw WRF. Negative RMSE changes and positive 319 

correlation changes indicate improvement. Error bars are 95% percentile intervals from 2,000 paired 320 

bootstrap replicates. 321 3.3 Threshold skill improved, but the most extreme rainfall remained difficult 322 

Categorical verification separated broad recovery from unresolved extremes (figure 3). At the 323 

2 mm threshold, CSI increased from 0.192 to 0.758 for CTRL, 0.189 to 0.791 for RV, and 0.185 324 

to 0.772 for RV+RF. At 5 mm, diffusion CSI ranged from 0.610 to 0.665 compared with raw 325 

values near 0.05. At 10 mm, CSI increased from 0.005–0.006 to 0.380, 0.393, and 0.457. 326 

The 25 mm result was more limited. Raw WRF had zero CSI and POD in all experiments; 327 

diffusion produced nonzero but small CSI values of 0.024, 0.038, and 0.030 for CTRL, RV, and 328 

RV+RF. At 50 mm, neither the raw forecasts nor the diffusion medians recovered the observed 329 

extreme threshold. Across all comparable six-hour categorical metrics and thresholds, 45 330 

comparisons improved and nine tied, with no deterioration; the ties occurred at 50 mm. Stage 331 

IV produced the same 45-improved and 9-tied pattern. 332 



11 

 

 333 

Figure 3. Six-hour critical success index at 2, 5, 10, 25, and 50 mm thresholds for raw 334 

WRF and conditional-diffusion median precipitation in each forecast experiment. 335 

 336 3.4 Calibration improved coverage while retaining a relatively sharp primary interval 337 

Uncalibrated diffusion predictions had pooled 90% coverage of 0.849 with mean interval width 338 

6.59 mm. The prespecified symmetric-spread calibration increased coverage to 0.887 with 339 

width 6.96 mm and slightly improved CRPS from 1.837 to 1.827 (figure 4). 340 

The calibration sensitivity identified a clear coverage-width trade-off. Asymmetric spread 341 

scaling reached 0.898 coverage and asymmetric additive conformal calibration reached 0.902, 342 

but mean interval widths increased to 9.91 and 9.58 mm, respectively. Probability-integral-343 

transform recalibration gave 0.880 coverage and a wider 7.42 mm interval while worsening 344 

CRPS to 1.953. Because the symmetric-spread method was prespecified before inspecting 345 

outer-test performance, it remained the primary calibration. The residual primary 346 

undercoverage was concentrated more strongly in the upper tail. The full pooled calibration 347 

sensitivity and fold-specific coverage are shown in Table S7 and Figure S2. A separate adaptive 348 

full-distribution calibration analysis provided complementary evidence. Over the common 349 

causal evaluation hours 2–6, the adaptive algorithm reduced pooled CRPS by 2.4% relative to 350 

uncalibrated diffusion and achieved 90.9% coverage for nominal 90% intervals. At forecast 351 

hour 5, it selected two hours of recent calibration history rather than one, reducing CRPS 352 

relative to fixed one-hour calibration in CTRL, RV, and RV+RF. The pooled advantage over fixed 353 

one-hour calibration was small and statistically unresolved (Supplementary Section S5.1). 354 
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 355 

Figure 4. Calibration-sharpness trade-off for pooled outer-fold diffusion predictions. The dashed 356 

line marks nominal 90% coverage; the star identifies the prespecified primary symmetric-spread 357 

calibration. 358 

 359 3.5 DREA identified stable dynamical, microphysical, and mesoscale controls 360 

DREA produced a strongly differentiated ranking across the 26 perturbation units (figure 5). 361 

The 10 m wind-vector group ranked first with mean DREA probability 0.995 and probabilities 362 

of 1.000 for Wasserstein displacement, interval width, and tail response. Maximum rainwater 363 

mixing ratio ranked second (0.943), surface pressure third (0.935), 33 km mean precipitation 364 

fourth (0.860), and maximum ice mixing ratio fifth (0.828). 365 

The radar-assimilation meridional-wind increment RMS ranked seventh with mean DREA 366 

probability 0.623. This indicates that spatial variation in the radar-derived wind adjustment 367 

contained conditional predictive information in the fitted postprocessor, but it does not imply 368 

that radar assimilation caused the postprocessing improvement. The raw local hourly 369 

precipitation group ranked only 14th (mean DREA 0.303), whereas the broader 33 km mean-370 

precipitation state ranked fourth. The distributional recovery therefore depended more 371 

reliably on broader dynamical, microphysical, pressure, moisture, and mesoscale precipitation 372 

information than on the local raw precipitation amount alone. The complete 26-unit DREA 373 

ranking is provided in Table S8 and Figure S3. 374 
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The ranking was stable to model-realization count and calibration (figure 6). From 30 to 50 375 

realizations, mean-DREA Spearman correlation was 0.984 and all ten final top units were 376 

retained. From 30 to 80 realizations, correlation was 0.979 with 9/10 top-unit overlap and 377 

mean absolute probability change of 0.028. The 50-to-80 comparison gave rho = 0.985. 378 

Replacing the primary symmetric-spread calibration with asymmetric spread scaling produced 379 

rho = 0.995 at 80 realizations and mean absolute Mean-DREA change of only 0.018. The main 380 

distributional interpretation was therefore not an artifact of one calibration choice or a small 381 

number of retrained realizations. Numerical DREA stability diagnostics are reported in Table 382 

S9. 383 

 384 

Figure 5. DREA reliability probabilities for the 15 highest-ranked perturbation units after 80 385 

independently retrained spatial-block-bootstrap diffusion realizations. 386 
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 387 

Figure 6. DREA stability. (a) Mean DREA probability at 30 versus 80 independently retrained 388 

realizations. (b) Mean DREA probability under the primary symmetric-spread calibration versus 389 

asymmetric-spread calibration at 80 realizations. 390 

 391 

4. Discussion 392 4.1 A technically successful radar analysis was not a successful rainfall forecast 393 

The first result is a useful null finding. Radar observations produced measurable WRFDA 394 

analysis increments, yet the subsequent six-hour precipitation remained severely displaced. 395 

The near-identical raw rainfall errors among CTRL, RV, and RV+RF indicate that a single radar-396 

assimilation cycle was insufficient to correct the dominant forecast error for this event. 397 

Previous studies have shown that modifying the analyzed storm state with radar observations 398 

does not necessarily lead to sustained improvements in subsequent precipitation forecasts, 399 

particularly when errors remain in the surrounding atmospheric environment and other model 400 

processes that influence storm development (Fabry and Meunier 2020). The frequency of radar 401 

assimilation can also influence forecast performance, with repeated assimilation cycles 402 

providing greater benefit in some rainfall events, although the response varies with the event, 403 

observations, and model configuration (Liu et al 2021). These findings support evaluating radar 404 

assimilation through the resulting precipitation forecast rather than relying only on changes in 405 

the analysis or reduction of the variational cost function.  406 

The experiment does not identify a single cause for the failure. Rapid convective adjustment, 407 

imperfect background-error covariance, microphysical imbalance, lateral-boundary influence, 408 

or the limitation of one assimilation time are plausible mechanisms, but none was isolated 409 

experimentally. The result should therefore be interpreted narrowly: under this single-cycle 410 
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design, neither RV nor RV+RF meaningfully improved the evaluated Baltimore heavy-rain 411 

forecast. 412 4.2 Diffusion recovered information that remained in the modeled atmospheric state 413 

The second result shows that poor raw grid-point rainfall did not mean that the forecasts 414 

contained no useful predictive information. Conditional diffusion substantially improved held-415 

out performance across CTRL, RV, and RV+RF. This agrees with previous work showing that 416 

machine-learning postprocessing can improve WRF precipitation forecasts, that hybrid 417 

WRFDA–machine-learning systems can enhance extreme-rainfall prediction, and that 418 

conditional diffusion can improve precipitation bias correction while retaining probabilistic 419 

information (Hu et al 2023; Johny et al 2026; Aich et al 2026). 420 

The gains occurred across multiple deterministic and probabilistic metrics but were similar 421 

across all three experiments. The diffusion model should therefore be interpreted as improving 422 

the predictive skill of the broader WRF and WRFDA forecast states, rather than specifically 423 

correcting radar assimilation. 424 

Improvement was strong through 10 mm, weaker at 25 mm, and absent at 50 mm. This is 425 

consistent with previous findings that postprocessing can improve overall precipitation skill 426 

while the most extreme rainfall remains more difficult to predict (Hu et al 2023; Aich et al 427 

2026). The exploratory adaptive-calibration analysis further suggests that the amount of recent 428 

calibration information needed may change during the forecast, although its pooled advantage 429 

over fixed one-hour calibration was not statistically resolved in this single event. 430 4.3 Distributional attribution clarifies how the recovery was obtained 431 

DREA indicated that the postprocessing relied more on the broader storm state than on local 432 

raw precipitation. Leading units included 10 m wind, rain and ice hydrometeors, surface 433 

pressure, 33 km mean precipitation, boundary-layer height, low-level moisture, and vertical 434 

motion. This is physically consistent with the established roles of low-level flow and moisture, 435 

atmospheric ascent, mesoscale forcing, and cloud microphysics in convective heavy rainfall 436 

(Doswell et al 1996; Weckwerth and Parsons 2006; Thompson et al 2008). Their high DREA 437 

probabilities across several components indicate influence on multiple properties of the 438 

predictive distribution, including spread, variance, tail probability, and probabilistic skill. 439 

The radar-derived V-wind increment ranked above local raw precipitation, indicating that it 440 

contained additional conditional predictive information. This should not be interpreted as a 441 

causal benefit of radar assimilation because the raw RV and RV+RF forecasts did not 442 

outperform CTRL. 443 

The ranking was also stable across 30, 50, and 80 independently retrained realizations and 444 

across calibration methods. The near-one Spearman correlations therefore support the 445 

robustness of the predictive interpretation to retraining and calibration choice, while DREA 446 

remains a predictive rather than causal attribution method. 447 

 448 
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4.4 Climate-risk relevance and limitations 449 

The study is relevant to climate-risk prediction because localized heavy rainfall and urban 450 

flooding require forecasts that represent both spatial uncertainty and tail risk. The framework 451 

links a physics-based forecast, probabilistic postprocessing, calibration, and distributional 452 

interpretation in a reproducible sequence. It can therefore be extended to larger cases of high-453 

impact rainfall events and to changing rainfall regimes without assuming that a single case 454 

represents climate change. 455 

The principal limitation is exactly that this study contains one event. The five-fold evaluation 456 

measures spatial transfer within the 28 July storm, not generalization to an unseen storm, 457 

season, or climate regime. A multi-event extension should hold out complete storms and should 458 

preserve event-level temporal separation. The DREA discovery analysis also used a fixed, 459 

target-independent 50-cell subsample of the largest outer holdout for computational 460 

tractability; it should not be described as exhaustive attribution over all fold-4 cells. 461 

Other limitations include use of one radar, one WRFDA analysis time, one forecast 462 

configuration, and inverse-distance remapping rather than mass-conservative precipitation 463 

remapping. Stage IV provided an independent observational sensitivity and gave the same 464 

broad conclusions, but observational uncertainty remains. The precipitation-centroid metric is 465 

useful for displacement but does not measure fine-scale pattern fidelity; the postprocessed 466 

correlations near 0.5 show that important spatial error remained. Finally, the primary 467 

symmetric calibration did not reach exact nominal 90% coverage. Asymmetric methods 468 

approached nominal coverage but did so by substantially widening the intervals, illustrating 469 

the expected calibration-sharpness trade-off. 470 

5. Conclusions 471 

A single 21 UTC WRFDA radar assimilation cycle changed the analyzed atmospheric state but 472 

did not meaningfully improve the 0–6 h Baltimore precipitation forecast. Raw CTRL, RV, and 473 

RV+RF forecasts all retained about 40 km rainfall-centroid displacement, approximately 21.7 474 

mm six-hour RMSE, near-zero spatial correlation, and no 25 mm six-hour heavy-rain detections. 475 

Conditional diffusion produced a different result under strict spatial holdout. It reduced hourly 476 

RMSE by 15–16%, CRPS by about 39%, and six-hour RMSE by 25–27%; increased six-hour 477 

correlation to 0.521–0.540; and reduced precipitation-centroid displacement to 0.84–3.86 km. 478 

Paired spatial-block bootstrap intervals supported every primary continuous and probabilistic 479 

improvement. Calibration improved interval coverage, although a residual upper-tail deficit 480 

remained. DREA showed stable distributional dependence on wind, microphysics, pressure, 481 

mesoscale precipitation, moisture, and vertical motion, with radar-derived wind increments 482 

contributing secondary conditional information. 483 

The strongest conclusion is therefore not that radar assimilation failed generally or that 484 

diffusion solved extreme-rainfall prediction. Rather, for this event, the raw radar-assimilation 485 

experiments did not correct the dominant precipitation displacement, while probabilistic 486 
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postprocessing recovered substantial information that remained in the modeled atmospheric 487 

state. The 50 mm extreme threshold remained unresolved. Even so, the results support a 488 

reproducible hybrid physics-machine-learning framework in which convection-permitting 489 

simulation, radar-informed model states, probabilistic postprocessing, and distributional 490 

interpretation can be tested together for high-impact rainfall forecasting. 491 

Data availability statement 492 All atmospheric and precipitation datasets used in this study are publicly available from NOAA. 493 NEXRAD Level-II radar data are available from the NOAA National Centers for Environmental 494 Information radar archive; Global Forecast System 0.25° fields are available through the 495 National Centers for Environmental Prediction NOMADS service; Multi-Radar Multi-Sensor 496 hourly precipitation estimates are available from the NOAA MRMS archive; and Stage IV 497 precipitation analyses are available through NOAA’s precipitation data archive 498 
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