arXiv:2512.09059v1 [cs.LG] 9 Dec 2025

Generated using the o cial AMSAIEX template v6.1

A Di usion-Based Framework for High-Resolution Precipitation
Forecasting over CONUS

Marina Vicens-MiqueP?¢ Amy McGovern®P-¢ Aaron J. Hill2¢ E Foufoula-Georgiou
Clement Guillotead, Samuel S. P. Shén

aUniversity of Oklahoma, School of Meteorology, Norman, Oklahoma
b University of Oklahoma, School of Computer Science, Norman, Oklahoma
©NSF Al Institute for Research on Trustworthy Al in Weather, Climate, and Coastal
Oceanography, Norman, Oklahoma
d University of California Irvine, Irvine, California

€San Diego State University, San Diego, California

; Corresponding author: Marina Vicens-Miquel, marina.vicensmiquel@ou.edu


https://arxiv.org/abs/2512.09059v1

20

21

22

23

24

25

26

27

ABSTRACT: Accurate precipitation forecasting is essential for hydrometeorological risk manage-
ment, especially for anticipating extreme rainfall that can lead to ash ooding and infrastructure
damage. This study introduces a di usion-based deep learning (DL) framework that systemati-
cally compares three residual prediction strategies di ering only in their input sources: (1) a fully
data-driven model using only past observations from the Multi-Radar Multi-Sensor (MRMS) sys-
tem, (2) a corrective model using only forecasts from the High-Resolution Rapid Refresh (HRRR)
numerical weather prediction system, and (3) a hybrid model integrating both MRMS and selected
HRRR forecast variables. By evaluating these approaches under a uni ed setup, we provide a
clearer understanding of how each data source contributes to predictive skill over the Continental
United States (CONUS). Forecasts are produced at 1-km spatial resolution, beginning with direct
1-hour predictions and extending to 12 hours using autoregressive rollouts. Performance is evalu-
ated using both CONUS-wide and region-speci ¢ metrics that assess overall performance and skill
at extreme rainfall thresholds. Across all lead times, our DL framework consistently outperforms
the HRRR baseline in pixel-wise and spatiostatistical metrics. The hybrid model performs best at
the shortest lead time, while the HRRR-corrective model outperforms others at longer lead times,
maintaining high skill through 12 hours. To assess reliability, we incorporate calibrated uncertainty
guanti cation tailored to the residual learning setup. These gains, particularly at longer lead times,
are critical for emergency preparedness, where modest increases in forecast horizon can improve
decision-making. This work advances DL-based precipitation forecasting by enhancing predictive

skill, reliability, and applicability across regions.



SIGNIFICANCE STATEMENT: Forecasting high-resolution precipitation over large areas like
the Continental United States (CONUS) is essential yet challenging due to complex spatial and
temporal variability. We introduce a deep learning-based framework that produces 1 km hourly
forecasts up to 12 hours in advance, improving upon the High-Resolution Rapid Refresh (HRRR)
numerical weather prediction model. Our work evaluates three strategies within a uni ed and
operationally viable setup. The proposed framework outperforms the HRRR in predictive skill
at both low and high rainfall intensities, sustaining improved performance through 12-hour lead
times. By incorporating interpretable uncertainty quanti cation, we enhance forecast transparency
and trust. This approach enables more reliable, actionable predictions for emergency response,

agriculture, and infrastructure planning across diverse U.S. regions.

1. Introduction

Accurately forecasting precipitation remains one of the grand challenges in atmospheric science
and meteorology (Beniston 2013; Alexander et al. 2016; National Oceanic and Atmospheric Ad-
ministration 2020). Rainfall is a complex process driven by multi-scale nonlinear interactions
across space and time, in uenced by topography, atmospheric dynamics, and moisture availability
(Smith 1979; Veneziano et al. 2006; Tabari 2020). These complexities make rainfall prediction
di cult, especially at ne spatial resolutions and extended lead times. Yet, timely forecasts are crit-
ical for ood risk management, water resource planning, and public safety, particularly as climate
change intensi es both average and extreme rainfall patterns (Dougherty and Rasmussen 2020).
Recent studies have highlighted that extreme rainfall can also lead to infrastructure failures, includ-
ing dam breaches and urban ooding, resulting in signi cant socioeconomic and environmental
impacts (Hwang and Lall 2024; Dharmarathne et al. 2024).

Forecasting across large domains like the Continental United States (CONUS) introduces addi-
tional challenges, requiring models to generalize across diverse climatological regimes and complex
topography (Rasp et al. 2018). Operational models such as the High-Resolution Rapid Refresh
(HRRR) (Dowell et al. 2022)|an implementation of the Weather Research and Forecasting model
(Skamarock et al. 2008)| provide hourly forecasts at 3 km resolution, which some studies argue
is su cient to capture many mesoscale processes (Kain et al. 2008). However, 3 km grids can

still miss smaller-scale convective structures and localized storm dynamics that become better



resolved in 1 km models (Weisman et al. 2023). Generating CONUS-wide forecasts at such high
resolutions remains computationally expensive, but holds promise for improving representation of
ne-scale extremes and storm evolution (Weisman et al. 2023). Moreover, skillfully forecasting
both frequent, low-intensity rainfall and rare, high-impact events increases the complexity of the
task, as it requires capturing a wide range of physical processes (Li et al. 2012; Zhang et al. 2014).
Nevertheless, such forecasts are essential for supporting emergency management, agriculture, an
infrastructure planning (Turner et al. 2022; Merz et al. 2020; Council 2006).

While machine learning (ML) methods show growing promise in precipitation forecasting,
most are restricted to short lead times or limited spatial domains (Sangiorgio et al. 2019; Gope
et al. 2016; Kagabo et al. 2024; Vitanza et al. 2023). Many emphasize rain/no-rain classi cation
or probabilistic outputs (S nderby et al. 2020; Espeholt et al. 2022; Andrychowicz et al. 2023),
which|though valuable|often require statistical expertise to interpret; a more detailed discussion
of these methods and their limitations can be found in Section 2. In contrast, we introduce a
di usion-based deep learning framework that provides precipitation magnitude forecasts enhanced
with integrated uncertainty quanti cation (UQ). To improve accessibility for decision-makers, we
also propose a three-panel visualization that transparently conveys the minimum (lower bound),
representative (middle), and maximum (upper bound) ensemble reconstructions|making forecast
uncertainty easier to interpret and apply in decision contexts.

Our system generates hourly accumulated precipitation forecasts at 1 km resolution across
the entire CONUS and extends predictions to 12 hours through autoregressive rollouts. The
architecture builds on di usion models|originally developed for generative tasks but increasingly
used for spatiotemporal prediction due to their ability to produce sharp, spatially coherent outputs
(Ho et al. 2020; Karras et al. 2022; Song et al. 2020; Guilloteau et al. 2025; Gao et al. 2023;
Chase et al. 2025). Leveraging a residual-learning strategy, the model predicts the di erence
between inputs and targets|capturing either temporal rainfall changes or the di erences in the
spatial structure between HRRR and ground truth (MRMS). This design simpli es the learning
task, especially at longer lead times, and improves both generalization and forecast stability.

Performance is rigorously evaluated using pixel-wise and spatiostatistical metrics over an in-

dependent test year, covering the entire CONUS and eight climatologically distinct regions. The



model consistently outperforms HRRR across a range of weather regimes while maintaining robust
regional skill and temporal consistency.

Our framework also systematically compares three modeling strategies within a uni ed architec-
ture: (1) a fully data-driven model using only observations, (2) an HRRR-corrective model trained
only on selected HRRR forecast variables, and (3) a hybrid model integrating both HRRR and
observational inputs. Previous studies often explore these strategies in isolation; we analyze them
side by side using identical architectures and datasets allowing for a better understanding of how
data and physical models can best be harnessed for improved forecasting.

Our approach delivers skillful, high-resolution (1 hour and 1 km) 12-hour lead time rainfall fore-
casts across the CONUS with improved computational scalability, interpretability, and operational
utility. By combining di usion modeling, residual learning, and UQ in a single framework, we set

the stage for the next generation of deep learning-based forecasting systems.

2. Related Work

Short-term precipitation forecasting has traditionally relied on high-resolution physical numerical
weather prediction (NWP) models such as the HRRR and the Warn-on-Forecast System (WoFS).
HRRR is an operational convection-allowing model with 3-km horizontal grid spacing, updated
hourly with radar data assimilation for forecasts up to 18{48 hours (NOAA Earth System Research
Laboratory n.d.; Benjamin et al. 2016). WoFS, designed for severe weather operations, generates
ensemble hourly forecasts at 1{3 km resolution with lead times of 0{6 hours and is regularly used in
forecast operations at National Weather Service forecast o ces around the U.S. (Heinselman et al.
2024). While these physics-based systems e ectively resolve mesoscale and convective dynamics,
they are computationally intensive and require signi cant infrastructure for real-time deployment.
Their performance may also degrade in complex terrain (English et al. 2021), limiting scalability
and exibility.

Recently, arti cial intelligence (Al) and ML methods have gained traction as alternatives or
complements to NWP, particularly for extreme rainfall prediction. These data-driven models o er
faster inference, reduced computational costs, and improved spatiotemporal pattern recognition.
Prior e orts have mostly focused on localized regions and classi cation tasks. For example,

Sangiorgio et al. (2019) uses a deep neural network to classify extreme rainfall in Milan with a



30-minute lead time, and Gope et al. (2016) applies stacked autoencoders to forecast monsoor
rainfall in India. Comparative studies have tested various ML architectures: Chkeir et al. (2023)
evaluated Multilayer Perceptrons (MLPs), Long Short-Term Memory networks (LSTMs), and
Encoder{Decoder LSTMs, while Kagabo et al. (2024) benchmarked LSTMs, Convolutional Neural
Networks (CNNs), and Gated Recurrent Units (GRUs) in Rwanda. Other strategies such as
multimodal integration and spatial clustering are applied to enhance performance in extreme
rainfall detection, e.g., Vitanza et al. (2023) in Sicily. In the U.S., Hill and Schumacher (2021),
Loken et al. (2019), and James (2023) use random forests for excessive rainfall prediction over
CONUS subdomains. However, most studies emphasize binary outcomes (e.g., rain/no-rain or
threshold exceedance) rather than generating high-resolution, precipitation magnitude forecasts.

To address these limitations, recent work has turned to more expressive models, particularly
di usion-based generative frameworks. These models produce sharper spatial outputs and better
capture uncertainty than classi cation-based approaches. Notable studies include Guilloteau et al.
(2025), who generates probabilistic ensembles from satellite inputs; Chase et al. (2025), who
applies score-based di usion to nowcast GOES imagery; and Gao et al. (2023) and Asperti et al.
(2025), who introduces latent di usion approaches for precipitation nowcasting. Yet, these works
are con ned to very short lead times (typically 3 hours), highlighting the challenge of extending
di usion models for longer-range forecasting|a gap this work addresses directly.

Google DeepMind’'s MetNet series represents a prominent line of Al-driven precipitation fore-
casting. MetNet-1 (S nderby et al. 2020) introduces a convolutional neural network (CNN) with
dilated convolutions and attention mechanisms to predict precipitation probabilities up to 8 hours
ahead using satellite and radar data. MetNet-2 (Espeholt et al. 2022) increases both the spatial
resolution and model depth, extending forecasts to 12 hours. MetNet-3 (Andrychowicz et al. 2023)
further advanced the architecture by incorporating temporal fusion, sparse encoders, and deep
ensembles to achieve lead times of up to 24 hours. All versions generate probabilistic forecasts for

prede ned precipitation thresholds.

3. Datasets

This study utilizes hourly data from the MRMS system (Zhang et al. 2016) and the HRRR

model (Dowell et al. 2022). Speci cally, we employ MRMS Quantitative Precipitation Estimates



(QPE) at hourly 1 km grid and accumulated HRRR hourly precipitation forecasts at 3 km, covering
lead times from 1 to 12 hours. To ensure temporal consistency and avoid biases from versioning
changes in NOAA's MRMS and HRRR products, we restrict our dataset to a stable period between
01 March 2021 and 28 February 2025, during which product formats remained unchanged. Further,
due to di erences in spatial resolution and grid structure|projected for MRMS and lat-lon for

HRRR|preprocessing is required to align both datasets for training.

a. Data Preprocessing

Our preprocessing pipeline addresses spatial alignment, missing data, and normalization to
prepare the datasets for training. To ensure spatial compatibility, HRRR elds are regridded
to the 1 km MRMS grid using xarray (Hoyer and Hamman 2017) and XESMF (Zhuang 2018),
with bilinear interpolation applied after cropping to the target domain and generating matching
latitude{longitude arrays. In terms of temporal continuity, both datasets exhibit occasional missing
data, including a full month gap in MRMS during June 2021. Despite these discontinuities, we
maintain temporal alignment and date consistency, skipping periods with missing data. Such
gaps are common in environmental datasets due to sensor outages or quality control Itering.
Finally, to improve the training stability and performance of the di usion model, we apply z-score
standardization, which aligns with the unit-variance assumptions of Gaussian noise in di usion
models (Ho et al. 2020; Karras et al. 2022).

b. Inputs

Identifying the most e ective input con guration is essential for high-resolution precipitation
forecasting. To this end, we conduct extensive ablation studies evaluating a broad range of HRRR
variables and observational inputs (see Appendix Al). The results show that both observational and
HRRR forecast-based predictors contribute complementary information | observational inputs
improve short-term accuracy, while HRRR forecasts enhance spatial coherence and storm evolution
representation.

These ndings motivate the development of three distinct modeling con gurations, each empha-

sizing a di erent input philosophy: purely data-driven (i.e., MRMS only), HRRR-corrective, and



hybrid (see Section c). For all con gurations, auxiliary variables such as latitude, longitude, and
cyclic temporal encodings are included to provide spatial and seasonal context.
For example, the 1-hour lead time hybrid con guration combines both observational and selected

HRRR forecast variables as follows:

MRMS QPE,C 2" MRMS QPE,C 1" MRMS QPE,C”
HRRR fO1 1-h Accumulated Total Precipitation, C”
HRRR f02 1-h Accumulated Total Precipitation,,C”

Latitude Longitude Temporal Encoding,C”

This con guration leverages both recent observations and short-range forecasts to provide tem-
poral continuity and spatial consistency. Prior MRMS elds capture recent rainfall evolution
(Chase et al. 2025; Shi et al. 2015), while HRRR forecasts at C and C, 1 provide information about
atmospheric conditions driving storm progression.

Here, MRMS QPE,C 8" denotes the 8-hour-previous accumulated hourly precipitation from
MRMS, and HRRR f! ,C” denotes the !-hour lead-time accumulated forecast from HRRR.

c. Dataset Creation

To enable a systematic comparison of modeling strategies, we construct three distinct hourly
input datasets, each tailored to one of the following approaches: (a) a purely observation-driven
model (Data-Driven), (b) a forecast-corrective model using HRRR outputs (HRRR-Corrective),
and (c) a hybrid model combining both data sources (Hybrid). These datasets are designed basec
on the input analysis and ablation ndings from the previous section.

Table 1 summarizes the inputs used for each con guration. To enhance spatial awareness
and capture diurnal and seasonal variability across the CONUS, all datasets included auxiliary

contextual inputs: latitude, longitude, and cyclic temporal encodings.

1) Training and Testing Datasets

The training dataset consists of approximately 30,000 tiles of size 512 512 km, randomly sampled
across the CONUS domain over a three-year period spanning March 2021 to February 2024. To

ensure the inclusion of diverse and meteorologically relevant precipitation scenarios, each tile is



Table 1. Description of the three input datasets used for model training for 1-hour lead time
precipitation prediction at time step C.

Dataset Observation-Based Inputs Forecast-Based Inputs Auxiliary Inputs
Data-Driven MRMS,C 2", MRMS,C 17, { Latitude, Longitude,
MRMS,C” Temporal Encoding,,C”
HRRR-Corrective { HRRR f01(t-3), HRRR f01(t-2), HRRR fO1(t-1), Latitude, Longitude,
HRRR f01(t), HRRR f02(t) Temporal Encoding,,C”
Hybrid MRMS,C 2", MRMS,C 1", HRRR f01(t), HRRR f02(t) Latitude, Longitude,
MRMS,C” Temporal Encoding,,C”

retained only if it satis es prede ned rainfall intensity or coverage criteria. Regional balance is
also enforced to achieve comparable representation across distinct climatological regimes. These
regions follow the geographical delineations de ned by Hill and Schumacher (2021) and are
strategically chosen based on rainfall and convection climatologies across the CONUS (Fig. 1).
Further details on the rainfall thresholds, regional balance, and sampling methodology are provided
in Appendix B1.

For evaluation, we generate a CONUS-wide testing dataset composed of 512 512 km tiles with
50 km overlap, covering the period March 2024 to February 2025. To enable both monthly and
regional analyses, performance is assessed independently for each month. Due to computationa
constraints, only two initialization times are selected per day; however, for each initialization,
forecasts are produced for all 12 lead times (1{12 h). This approach e ectively provides coverage
across all hours of the day while maintaining a feasible computational load. Appendix C1 details

the temporal sampling strategy used to select the testing hours.

4. Methodology

This section presents our end-to-end framework for high-resolution precipitation forecasting
across the CONUS. It begins by describing the residual learning strategy (Section a), followed by the
model architecture (Section b), the uncertainty-aware loss function (Section c), the autoregressive
rollout procedure (Section d), and our uncertainty quanti cation approach (Section e). Additional
implementation details, including hyperparameter con gurations and computational resources, are

provided in Appendix D1.
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Fig. 1: Regional divisions across the CONUS used for evaluation. These eight regions are adopted
from Hill and Schumacher (2021) to re ect climatological variability in convective hazards and
support region-speci ¢ analysis of model performance.

a. Residual Learning and HRRR Error Correction Strategy

Accurately forecasting high-resolution precipitation is di cult due to its localized, nonlinear
nature and the large dynamic range of rainfall values. To improve numerical stability, optimization,
and multi-step rollout behavior, we formulate the prediction task in terms of \residuals" rather
than direct rainfall amounts. Depending on the model con guration, the network learns either
short-term observational changes or corrections to HRRR forecasts.

For the observation-driven (Data-Driven) con guration, the model predicts the residual between

consecutive MRMS observations:

Target,C,1” = MRMS,C,1” MRMS, C”

This focuses learning on local rainfall evolution instead of full- eld precipitation magnitudes.

When HRRR forecasts are included (HRRR-Corrective and Hybrid models), the target represents
the forecast error at lead time !, where HRRR fL,,.C” denotes the HRRR forecast initialized at time
C andvalidatC,!:

Target,C,!” = MRMS,C,!” HRRR fL,C”

Overall, the residual learning strategy (i) narrows the prediction range for easier optimization, (ii)

reduces error accumulation during multi-step rollouts, (iii) improves representation of persistent
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and extreme precipitation, and (iv) provides an operationally practical framework for real-time
HRRR error correction (Mardani et al. 2025).

b. Model Architecture

Figure 2 illustrates the architecture of our di usion-based residual forecasting model. It follows
a dilated attention U-Net backbone wrapped within the elucidated di usion model (EDM) precon-
ditioning framework proposed by Karras et al. (2022). Inputs consist of HRRR meteorological
predictors (the condition), Gaussian latent noise scaled by the noise level f, and the logarithm
of the noise level, logf. Here, f represents the standard deviation of the noise distribution that
controls the perturbation strength applied to the input during di usion steps. These inputs are
concatenated along the channel axis and passed through an encoder{decoder network with three
downsampling blocks (64, 128, 256 lters), a dilated convolutional bottleneck (512 lters, rates
1{8), and a decoder with transposed convolutions and additive attention gates. Finally, a1 1
convolution is applied to reduce the feature channels to a single output, producing the residual
(error-correction) map.

We use EDM preconditioning to stabilize training across noise levels. The wrapper introduces
scale-aware coe cients (sip 2in 2out) to balance noisy and clean components, enabling robust
learning across the full di usion range. Rather than predicting the added noise (Y), as in conven-
tional di usion setups, we train the model to directly predict the clean residual eldjcommonly
referred to as thegQdata prediction) formulation|allowing recovery of the original signal at
each denoising step. At each step, we sample f, create a noisy input, and supervise the model’s
prediction of the residual eld using a hybrid, f-aware loss (Section c).

Data prediction aligns the model output with the true variable of interest|residual rain-
falllensuring consistency during rollout and direct supervision of both typical and extreme events.
Unlike Y-prediction, which denoises in latent space and requires a transformation to the physical
domain (Ho et al. 2020; Karras et al. 2022; Yu et al. 2024)p@diction keeps all intermediate
states interpretable and consistent with the residual dynamics (Karras et al. 2022; Meijer and
Chen 2024). This is particularly valuable in operational settings, where accurate representation of

extremes is critical.
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Final Prediction
Reconstruct output prediction

Condition
(inputs)

Output Layer
Conv2D 1x1, ch=1
Residual/error-correction map

Latents
(noisy state)

Inputs
Concat (Condition, Latents, log o)

log o
(noise level)

Upsampling Block 3
Conv2DTranspose 2x2, ch=64
AL 3 = Atin(skip=DB 1, gate=UB 3, inter=64)
Concat(UB 3, AL 3)
2 x (Conv2D 3x3, ch=64)

Downsampling Block 1
2 x (Conv2D 3x3, ch=64)
MaxPool 2x2

Upsampling Block 2
Conv2DTranspose 2x2, ch=128
AL 2 = Atin(skip=DB 2, gate=UB 2, inter=128)
Concat(UB 2, AL 2)
2 x (Conv2D 3x3, ch=128)

Downsampling Block 2
2 x (Conv2D 3x3, ch=128, d=2)
MaxPool 2x2

Attention Block Upsampling Block 1
Inputs: x = encoder skip, g = decoder Downsampling Block 3 Conv2DTranspose 2x2, ch=256
(gate), 2 x (Conv2D 3x3, ch=256, d=4) AL 1 = Attn(skip=DB 3, gate=UB 1, inter=256)
inter = channels used inside the gate MaxPool 2x2 Concat(UB 1, AL 1)
8(x) = Conv2D (2x2, ch=inter) 2 x (Conv2D 3x3, ch=256)
@(g) = Conv2D (2x2, ch=inter)
s=ReLU(6(x) +¢(9))
a = Sigmoid(Conv2D (2x2, ch=1) (s) )
Output: x © a (element-wise)

Bottleneck
2 x (Conv2D 3x3, ch=512, d=8)

Fig. 2: Overview of the proposed di usion-based residual forecasting architecture. A dilated
attention U-Net denoiser is trained under EDM preconditioning (Karras et al. 2022). Inputs
concatenate HRRR predictors (condition), a Gaussian latent eld scaled by the sampled noise level
f, and logf. The network predicts a single-channel residual correction map (data prediction,
G-prediction).

c. Loss Function

To achieve accurate and uncertainty-aware residual predictions across precipitation regimes, we
introduce a custom loss function, HybridSigmaloss, tailored for our residual learning task. Since
the model predicts residuals|either MRMS change or HRRR forecast error|the target values are
centered near zero and are often small in magnitude. Moreover, approximately 75% of the pixels
in our dataset correspond to no-rain conditions, requiring a loss function that balances sensitivity
to subtle deviations with responsiveness to impactful events.

HybridSigmalLoss combines two components:

HybridSigmalLoss =U Scaled MAE, ,1 U” Weighted MAE (2)
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with U =0 8 controlling the balance between calibrated uncertainty and rainfall-intensity sensitivity.
This value is selected through hyperparameter tuning, as values closer to 1 place greater emphasi:
on the Scaled MAE term, prioritizing the di usion model’s uncertainty calibration over magnitude
error.

Scaled MAE incorporates predictive uncertainty via:

H
Scaled MAE :w (2)

where Y =16 prevents division by zero. This term penalizes overcon dent errors and encourages
the model to be cautious where uncertainty is high, promoting well-calibrated forecasts.
Weighted MAE applies higher penalties to errors in rainfall ranges. We use a smooth sigmoid-

based weighting curve:

F =sigmoid,,,H 0 015" 150" 35
,sigmoid,,,H 008" 50" 50
,sigmoid,.,H 025" 20" 60 3)
,sigmoid,,,H 05" 10" 70
, »1 sigmoid, ,H 0 015" 150" 06

yielding:

The thresholds and scaling factors in Equation 3 are determined through hyperparameter tuning.
This process optimizes the weighting curve to balance sensitivity to light rain and high-intensity
errors while maintaining numerical stability and di erentiability. Additional implementation
details and the corresponding weighting curve visualization are provided in Appendix E1.

Together, these choices guide the model to produce well-calibrated predictions with strong
performance across the full rainfall spectrum. Although the model predicts continuous rainfall
magnitudes rather than categorical outputs, we also evaluate its skill in distinguishing rain versus
no-rain conditions, as well as in capturing high-intensity and extreme events across multiple

percentiles and rainfall ranges. By integrating uncertainty-awareness and dynamic weighting,
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HybridSigmal oss mitigates the averaging e ects that often overlook extremes and helps the model

learn meaningful residual corrections across diverse rainfall regimes and lead times.

d. Autoregressive Rollouts

We adopt an autoregressive rollout strategy, where the model is trained to predict residuals
corresponding to 1-hour forecasts, and forecasts are extended to 12 hours by iteratively feeding
previous predictions back into the input stack.

At each inference step, we:

Update the observations by replacing MRMS,,C” with the model’s predigtien@i1”, and

shift all past observations forward by one hour.

For the Hybrid model, in addition to the previous step, we also update the HRRR input by

replacing it with the forecast corresponding to the next HRRR lead time.

For the HRRR-Corrective model, we keep the prior HRRR forecasts associated with past time

steps unchanged, while updating only the HRRR forecast to the next lead time.

The HRRR-Corrective model exhibits sensitivity when trained on one set of HRRR forecasts
but evaluated using another, likely because di erent lead times are generated by distinct model
con gurations | each introducing its own systematic and cross-lead-time biases. To mitigate
this, we preserved prior HRRR forecasts during inference to maintain temporal consistency, which
helped stabilize the model's predictive behavior. We also enhance stability during training by
including both HRRR f01 and f02 lead times, with fO2 left unnormalized to help the model capture
magnitude relationships across forecast ranges. During inference, rather than using a mismatchec
pair (f06 and fO7) for the 6-hour forecast|both unseen during training|the model instead received
the normalized and unnormalized versions of f07. This adjustment preserves amplitude consistency
and prevents the compounding of unfamiliar forecast biases, since the model had not learned either
the individual or joint bias characteristics of f06 and fO07. Using a forecast source (f06) in dual
normalized forms improved stability and yielded more reliable predictions, particularly at longer
lead times. Empirically, this strategy reduces the model’s sensitivity to HRRR lead-time variability

and results in higher predictive skill and more spatially coherent rainfall structures.
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e. Uncertainty Quanti cation

In environmental sciences and many other applied domains, UQ plays a critical role|especially
in the context of operational forecasting. While deterministic models o er a single best-guess
prediction, UQ provides additional insight into the con dence and reliability of those forecasts.
This is essential for risk-aware decision-making, where knowing the likelihood and spread of
possible outcomes can be just as important as the prediction itself.

A common approach to UQ in di usion-based models involves sampling the latent noise multiple
times to generate an ensemble of predictions, from which spread metrics (e.g., standard deviation
or percentiles) can be derived. However, this strategy proves ine ective in our HRRR-Corrective
setting due to two key limitations: (1) limited ensemble spread caused by the residual-based
prediction structure, and (2) the high computational cost of repeated di usion sampling.

The rst limitation stems from the structure of our HRRR-Corrective model, which predicts
residuals that are added to the HRRR forecast. Because these residuals represent relatively sma
corrections to a dominant input eld, the ensemble predictions tend to be very similar, regardless
of the latent noise sampled. This results in low ensemble spread and overcon dent forecasts
that underestimate uncertainty and fail to re ect meaningful variability. The second limitation
concerns computational e ciency. Each ensemble member requires running the full denoising
process, which is computationally expensive|especially when applied across the entire CONUS
domain and for multi-step rollouts. Given the low added value and high cost, this approach is not
used.

Instead, we develop a physics-informed alternative that accounts for known temporal uncertainties
in the HRRR forecasts. Speci cally, HRRR predictions often exhibit time-lag errors, where the
forecasted precipitation eld aligns best with observations shifted by one forecast hour earlier or
later. To incorporate this into our uncertainty modeling, we modi ed the nal reconstruction step
of the HRRR-Corrective model, where the residual is added to the HRRR eld, by generating a
three-member ensemble based on lead-time o sets.

Recall that the nal output at time C,! is computed as:

Prediction,C,!”=HRRR fL,,C",Residual,,C,!"”

15



where ! denotes the forecast lead time (in hours) relative to the initialization time C.
To capture temporal uncertainty|de ned as variability in the timing of predicted rainfall relative

to observations|we generate three forecasts per lead time:
1. Early scenario: HRRR fL-1,C”,Residual,,C,!”
2. On-time scenario: HRRR fL,,C”,Residual,,C,!”
3. Delayed scenario: HRRR fL+1,C”,Residual,,C,!”

Each version of the selected HRRR forecast variable represents a plausible alternative where
the timing of the forecast is slightly o set. From these three variants, we construct pixel-wise
uncertainty bounds by taking the minimum and maximum predicted rainfall values across the
three scenarios. This yields a spatially resolved lower and upper bound, with the on-time scenario

serving as the middle prediction. Speci cally:
1. Lower bound: pixel-wise min(early, on-time, delayed scenarios)
2. Middle: on-time scenario
3. Upper bound: pixel-wise max(early, on-time, delayed scenarios)

This approach leverages known temporal biases in HRRR and provides a physically interpretable
estimate of temporal uncertainty without requiring repeated di usion sampling. Although it does
not explicitly account for spatial uncertainty, the resulting bounds correspond to plausible early,
on-time, or delayed forecast scenarios, aligning well with operational needs. Future work could
extend this framework to jointly model temporal and spatial displacement errors in convective

systems.

5. Results and Discussion

This section presents a comprehensive evaluation of model performance across the three
con gurations|Data-Driven, HRRR-Corrective, and Hybrid|pbenchmarked against the HRRR
forecast. All predictions are compared against MRMS QPE, which serves as the ground truth.
Evaluation is conducted using pixel-wise and metrics of spatio-temporal structure across indepen-
dent months, lead times, and both CONUS-wide and regional scales to assess predictive skill and

added value.
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To ensure robust and multi-perspective evaluation, we employ a diverse set of performance
metrics that capture intensity error, temporal dynamics, and spatial agreement, as well as diagnostic
measures that characterize multi-scale structural behavior. Performance metrics include mean
absolute error (MAE), probability of detection (POD), critical success index (CSl), and fraction
skill score (FSS) for pixel-wise and binary threshold-based assessments. For brevity, we show FSS
results computed with a 27 27 grid-cell neighbourhood. In addition, structural diagnostics such
as the two-dimensional Fourier power spectrum, spectral coherence with the MRMS ground-truth
eld, and rainfall distribution are used to qualitatively assess scale-dependent spatial organization.
Metric de nitions and formulas are provided in Appendix F1. Binary metrics are computed using

di erent thresholds per region (Table F1 in Appendix F1 lists the speci c values).

a. CONUS Pixel-Wise Evaluation Across Lead Times 1{12 Hours

Figures 3, 4, and 5 present the CONUS-wide pixel-wise evaluation of the models (Data-Driven,
HRRR-Corrective, and Hybrid), benchmarked against the HRRR forecast. Results are shown for
rainfall intensities corresponding to the 50th and 90th percentiles of the MRMS precipitation clima-
tology derived from the four-year dataset used in this study. The 50th percentile represents typical
rainfall conditions, while the 90th percentile captures performance under extreme precipitation
events. All metrics are computed after removing zero-rainfall pixels to ensure that evaluations
re ect model skill in predicting actual rainfall rather than being dominated by large dry regions.
The metrics also include 95% con dence intervals, computed using bootstrapping with n = 1,000,
to quantify the uncertainty of each metric.

At the 1-hour lead time, all Al-based models generally outperform the HRRR across most
metrics and months, with the Hybrid con guration showing the strongest and most consistent
improvements overall. However, the HRRR-Corrective model exhibits intermittent periods of
reduced performance, particularly during late-spring and early-summer months (e.g., May{June),
as shown in Fig. 3. These uctuations likely re ect variability in HRRR forecast skill during
convective seasons, which directly a ects the corrective model’s input quality.

At 2h, performance decreases for all models due to autoregressive error propagation. The
Data-Driven model exhibits the largest degradation, which is consistent with expectations for ar-

chitectures trained solely on observational inputs|these models depend on recent rainfall patterns
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and therefore cannot anticipate the initiation of new convective systems in the absence of dy-
namical predictors. The Hybrid model shows moderate degradation, likely due to discrepancies
between the HRRR elds used during training and those provided during rollout. In contrast,
the HRRR-Corrective model remains the most stable and delivers the best performance among
all con gurations, consistently surpassing the HRRR. Its robustness stems from the input-update
strategy, which replaces HRRR elds sequentially rather than feeding back predicted precipitation,
thereby preventing autoregressive error accumulation.

At 3h, the Data-Driven model continues to degrade, while the Hybrid model shows only a
modest decline and remains competitive in MAE but inferior in categorical metrics (FSS, CSl,
POD) compared to the HRRR model. The HRRR-Corrective model maintains high stability and
outperforms HRRR across all metrics, demonstrating strong mid-range forecasting capability.

From 5 h to 12 h lead times, we focus our evaluation on the HRRR-Corrective model only, as it
is the con guration that consistently outperforms HRRR at longer horizons. For 5h{8h lead times,
both HRRR and the DL model show little degradation in performance, consistent with the fact that
rollout does not use predicted precipitation and instead replaces HRRR elds sequentially (fO1
I'f02 ! f03, etc.). Across these lead times, the HRRR-Corrective model achieves consistently
lower MAE and higher spatial skill than HRRR for both typical (50th percentile) and extreme
(90th percentile) events. The improvements are statistically signi cant across all metrics for most
months at the 50th percentile, as indicated by non-overlapping 95% con dence intervals. At the
90th percentile, di erences are signi cant for MAE in most months, partially signi cant for POD
(roughly half the months), and alternate between likely signi cant and comparable performance
for the remaining metrics.

From 9{12 h lead times, the HRRR-Corrective model continues to outperform the HRRR.
Improvements are particularly evident during the summer months, when HRRR performance
typically declines|highlighting the robustness of the DL model under more challenging convective
conditions. The HRRR-Corrective model remains signi cantly better for most months across MAE,
FSS, and POD at the 50th percentile, while CSI shows likely signi cant improvements for some
months across all lead times. At the 90th percentile, performance di erences narrow, with both

models showing similar skill for extreme events. Although the current analysis does not extend
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beyond 12h, the results suggest that the model could potentially maintain skill advantages at longer
lead times as well.

A bigger picture analysis highlights pronounced seasonal variability across all models and met-
rics, especially during the winter and early spring months (January{April, November{December),
yielding the highest performance, while warm-season months (May{September) exhibit signi -
cantly lower skill. This pattern re ects the relatively higher predictability of stratiform winter pre-
cipitation versus the localized, rapidly evolving convective storms that dominate summer months
(Walser et al. 2004; Jeworrek et al. 2021). These warm-season regimes pose inherent challenge:
for both physical and DL models and may require higher-resolution inputs or convective-awareness

strategies to improve performance (Li et al. 2024; Balmaseda et al. 2021).

b. CONUS Spatiostatistical Evaluation Across Lead Times 1{12 Hours

To assess spatial realism, we evaluate the HRRR-Corrective model against the HRRR using
three spatiostatistical metrics: spectral coherence, Fourier power density, and the rainfall intensity
distribution. Results are shown in Figure 6 for representative lead times (1h, 6h, 12h) using May
2024 as a median-performance month.

Spectral coherence quanti es the consistency of frequency components between model predic-
tions and MRMS, re ecting the degree to which spatial rainfall patterns align across scales. While
the HRRR-Corrective model shows slightly lower coherence than the HRRR|particularly at in-
termediate and high wavenumbers|this reduction likely arises from the residual learning process,
which tends to smooth noisy small-scale features during correction. This behavior indicates that
the corrective model prioritizes large-scale structural consistency and intensity realism over per-
fect pixel-wise phase alignment, where minor positional shifts or spatial smoothing can reduce
coherence without degrading the overall predictive skill, especially when the corrected eld better
reproduces intensity and frequency statistics.

The 2D Fourier power spectrum further supports this interpretation. At 1h and 6h lead times,
the HRRR-Corrective model exhibits power distributions that more closely match MRMS across a
wide range of spatial frequencies, indicating improved scale representation. HRRR systematically
underrepresents higher-frequency components, resulting in overly smooth precipitation elds. The

corrective model mitigates this underestimation, preserving more realistic small-scale variability
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Fig. 3: Pixel-wise evaluation metrics across independent testing months for lead times from 1h to
4h, covering the period from March 2023 to February 2024. Each letter on the x-axis corresponds
to the rst letter of the month (e.g., M = March, A = April, etc.). For lead times 1h to 3h, we
compare the performance of the three proposed models: Data-Driven, HRRR-Corrective, and
Hybrid|against the HRRR. For the 4h lead time, we focus solely on the HRRR-Corrective model,

as it demonstrated the most consistent performance across earlier lead times. Shaded region:
represent 95% con dence intervals. Metrics include MAE, FSS (27 27), CSI, and POD.

while maintaining the appropriate spectral slope. At 12h lead time, both models show attenuation
at high frequencies, but the corrective model retains stronger power consistency with observations,
suggesting more physically plausible storm texture and organization.

The rainfall intensity distribution, expressed as a relative-frequency histogram, reveals further
improvements. The HRRR-Corrective model produces a probability density function that more
closely aligns with MRMS, particularly in the moderate-to-heavy rainfall range (10{20 mm/h),

where HRRR continues to underestimate event frequency. At longer lead times (e.g., 12h), the
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Fig. 4. Similar to Figure 3, but for lead times from 5 h to 8 h. Results show the best-performing
longer-lead-time model (HRRR-Corrective) compared against the HRRR baseline at the 50th and
90th percentiles. Shaded regions denote 95% con dence intervals.

corrective model slightly overpredicts total rainfall but still maintains a more realistic distribution
across intensities, re ecting enhanced calibration of rainfall magnitude despite phase or position
errors.

Taken together, these metrics highlight complementary strengths. While the HRRR-Corrective
model exhibits slightly lower spectral coherence|re ecting reduced pixel-level alignment|it
achieves improved spatial power representation and rainfall intensity delity, supported by consis-
tent gains in pixel-wise evaluation metrics (MAE, FSS, CSI). This indicates that residual correction
enhances the physical realism of the rainfall eld, favoring accurate scale and intensity reconstruc-

tion even when small-scale spatial phase alignment is less precise.
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Fig. 5: Same as Figure 4, but for lead times from 9 hto 12 h.

c. Regional Evaluation

To assess geographic robustness and temporal consistency, we evaluate the HRRR-Corrective
model across eight CONUS subregions (Figure 1) for both 1-hour and 6-hour forecasts. Figures 7
and 8 summarize monthly performance using MAE, FSS (27 27), CSI, and POD metrics computed
at the 50th and 90th percentile rainfall thresholds (see Table F1 in Appendix F1). These results
enable assessment of model skill for both typical and extreme precipitation events under varying
climatological and topographic regimes.

At the 1-hour lead time, performance patterns are generally consistent across regions, with the
highest skill in the Southern Great Plains (SGP), Northern Great Plains (NGP), and Southeast (SE),

where convective systems are frequent and well-resolved. In contrast, performance degrades in
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Fig. 6: Spatiostatistical evaluation of precipitation forecasts for lead times of 1h, 6h, and 12h
during the median-performing month (May). The rst row compares the spectral coherence of
the predicted elds with MRMS and of the HRRR forecasts with MRMS. The second row shows
the Fourier Power Density Spectrum for MRMS, HRRR, and the predicted elds. The third
row presents the rainfall intensity distribution as relative-frequency histograms. Together, these
metrics assess spatial structure, scale representation, and distributional delity across models and
lead times.

more complex regions such as the Rockies (ROCK) and Paci ¢ Coast (PCST), where terrain and
coastal in uences introduce greater spatial variability. Notably, many regions show statistically
signi cant improvements at the 50th percentile from March through August, particularly in the
Midwest (MDWST), which exhibits the strongest overall performance across all metrics. Most
regions also display a temporary decline in skill during September, likely re ecting seasonal
transitions in storm regimes.

The 6-hour forecasts (Figure 8) show overall higher errors and reduced skill compared to the
1-hour case, particularly for metrics sensitive to spatial organization (FSS, CSI). Nonetheless, the

HRRR-Corrective model continues to outperform HRRR across most regions at the 50th percentile,
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with statistically signi cant improvements for MAE and FSS in many areas from March through
August. These gains demonstrate that the corrective framework retains predictive value even at
longer lead times. Error growth with lead time is most pronounced in convectively active regions
such as the SGP and SE, underscoring the increasing di culty of accurately representing storm
initiation and propagation at multi-hour horizons.

Overall, the HRRR-Corrective model achieves its best skill in regions characterized by organized
convection and at terrain, while performance diminishes in areas with complex topography
or coastal in uences. The consistent month-to-month and multi-lead evaluation underscores the
model’s geographic robustness and reveals systematic spatial and seasonal patterns in predictability
which are further explored in Section e.

d. UQ Evaluation

To evaluate the performance of the proposed UQ method|which provides both the middle
prediction and associated lower and upper uncertainty bounds|we compute two complementary
metrics: the coverage rate and the average error within the predicted interval.

The coverage rate measures the proportion of ground truth values that fall within the predicted
uncertainty bounds. To accommodate spatial variability and potential displacement errors in high-
resolution (1 km) forecasts, we apply a spatial tolerance of 10 km. Speci cally, a prediction is
considered \covered" if the ground truth value lies within the uncertainty bounds at any pixel
within a 10 km radius. This adjustment accounts for the fact that strict pixel-level matching can
penalize accurate predictions that are slightly displaced in space.

However, coverage alone may be misleading if the predicted intervals are too wide. Therefore,
we also compute the average absolute error within the predicted interval, which quanti es the
sharpness and informativeness of the UQ output. High coverage with low interval error indicates
a well-calibrated and precise uncertainty estimate, while high coverage with large interval error
would suggest overcautious predictions.

Figure 9 summarizes the UQ performance across precipitation intensity bins for 1-hour, 6-
hour, and 9-hour lead time predictions. The model demonstrates stable and reliable UQ, with

coverage rates exceeding 50% across nearly all intensity bins and lead times|except beyond the
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Fig. 7. Regional pixel-wise evaluation of 1h precipitation forecasts across the eight prede ned
CONUS regions (MDWST, NE, NGP, PCST, ROCK, SE, SGP, and SW), covering the period from
March 2023 to February 2024. Each letter on the x-axis corresponds to the rst letter of the month
(e.g., M =March, A = April, etc.). Metrics shown include MAE, FSS (27 27), CSI, and POD. For
each region, results are computed at both the 50th and 90th percentile rainfall thresholds to asses:
model skill for typical (median) precipitation as well as more extreme rainfall events. Comparisons
are made between the HRRR and the HRRR-Corrective model.
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Fig. 8: Same as Figure 7, but for 6h precipitation forecasts.

95th percentile, where uncertainty naturally increases due to the rarity and variability of extreme
rainfall, even under strict binning and exclusion of zero values.

For high-intensity rainfall, particularly in the 95th percentile bin, the average error within the
predicted interval remains around 8 mm for the 1-hour forecast and slightly above 10 mm for the 6-

and 9-hour forecasts. This indicates that while coverage is lower for the most extreme events, the
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(a) 1-hour

Fig. 9: UQ evaluation of HRRR-corrective forecasts. Subplots (a) and (b) show the coverage rate
(green bars, left axis) and average error (blue line, right axis) across precipitation intensity bins for
the 1-hour, and 6-hour, and 9-hour lead time predictions, respectively.

model’'s misses are relatively small|highlighting the robustness and reliability of the predicted
intervals. Further analysis shows a modest performance drop between the direct 1-hour predictions
and autoregressive rollouts, which is expected; however, beyond 6 hours, the coverage remains
stable, supporting the temporal consistency of the UQ mechanism.

Additionally, similar coverage is observed across percentiles up to the 90th, with a noticeable
decline only beyond that point. This demonstrates that the model e ectively captures uncertainty
across the full range of moderate to heavy rainfall events, where the average error remains below
or equal to 4 mm for all lead times.

Overall, these results show that the proposed UQ framework provides consistent and well-
calibrated coverage across both intensity ranges and time horizons, while maintaining narrow and
informative uncertainty intervals. This balance is particularly valuable for forecasting rare and

high-impact precipitation events, where both precision and reliability are critical.

e. Prediction Visualization

Figure 10 illustrates a representative example of the HRRR-Corrective model’s predictive ca-
pability and associated UQ. The gure compares MRMS observations, HRRR forecasts, and the
corrective model outputs at 1-, 2-, and 3-hour lead times, showing minimum, middle, and maximum
rainfall predictions that together represent the predicted uncertainty interval.

This example highlights the advantage of the proposed UQ approach. Unlike traditional

ensemble-based uncertainty estimation, which is computationally expensive in our di usion frame-
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work, our method derives uncertainty directly from the residual-based reconstruction of pre-
cipitation elds, combining multiple HRRR forecasts to quantify prediction variability. This
enables e cient spatiotemporal characterization of con dence levels while maintaining high
resolution. When comparing MRMS, HRRR, and the corrective model, we observe that the
HRRR-Corrective con guration better captures small-scale precipitation features and enhanced
rainfall magnitudes|particularly in convective regions where HRRR tends to underdetect precip-
itation|aligning more closely with MRMS observations.

Second, the evolution from the 1h to 3h demonstrates that the model tracks the progression of
the storm with notable spatial and structural consistency. Importantly, the UQ bounds remain
relatively narrow across all lead times, indicating that the model does not in ate uncertainty as
the forecast horizon increases. This re ects a stable and well-calibrated UQ mechanism whose
intervals remain informative while avoiding excessive spread.

To further compare the HRRR-Corrective model against HRRR and the MRMS observations,
we refer to Figure 11, which provides a zoomed-in view to better visualize di erences among
the models. This example clearly illustrates one of the main advantages of the HRRR-Corrective
approachl|its ability to enhance predictions of small-scale rainfall features, a task where HRRR
often underperforms. Additionally, the gure highlights the bene t of incorporating UQ through
the lower, middle, and upper predictive bounds. The upper-bound predictions ensure that ne-scale,
high-intensity rainfall is captured, while the lower-bound predictions help prevent overestimation,
together providing a balanced and interpretable representation of forecast uncertainty.

Together, these qualitative results complement the quantitative evaluations, reinforcing that
the HRRR-Corrective approach not only improves over the HRRR in detecting and representing
ne-scale rainfall features, but also provides reliable and sharp uncertainty estimates throughout

the short-term forecast window.

f. Comparison with the State of the Art

The work most closely related to this study is the MetNet trilogy (S nderby et al. 2020; Espeholt
etal. 2022; Andrychowicz etal. 2023), which represents the only family of deep learning models that
provide CONUS-wide precipitation forecasts at high spatial resolution and longer lead times|up
to 8 h for MetNet-1, 12 h for MetNet-2, and 24 h for MetNet-3. In contrast, most other ML and
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Fig. 10: Corrective HRRR forecasts for a case scenario on June 2, 2024. Subplots (a), (b), and (c)
show the 1-hour, 2-hour, and 3-hour predictions, respectively.
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Fig. 11: Comparison between the corrective HRRR model, the HRRR and observations for three
forecast lead times (1 h, 6 h, 9 h; columns). The top row shows the observed rainfall from MRMS
at the corresponding valid times (indicated above each column). The second row presents the raw
HRRR forecasts (f01, f06, f09). The lower three rows show the lower, middle, and upper predictive
predictions from the corrective model, representing the uncertainty range of the Al predictions.



DL approaches focus on short-term nowcasting (typically 0{6 h) and are often limited to localized
domains rather than generalizing across the entire CONUS (Gao et al. 2023; Asperti et al. 2025;
Chase et al. 2025). Moreover, many of these models predict binary outcomes (e.g., rain/no-rain or
threshold exceedance), while our framework produces rainfall magnitude predictions capable of
accurately representing both light and extreme precipitation regimes.

Despite their conceptual similarity, there are several notable di erences between our framework
and MetNet-3. First, MetNet-3 generates probabilistic, categorical forecasts, predicting the proba-
bility that rainfall will fall within prede ned intensity bins. In contrast, our model directly predicts
continuous rainfall magnitudes and provides UQ in the form of upper and lower con dence bounds.
While probabilistic predictions o er valuable information, our approach provides an alternative,
computationally e cient representation of forecast uncertainty that can be directly visualized as
con dence intervals|potentially more intuitive for certain applications. This distinction is par-
ticularly important for forecasting extreme rainfall, where accurate magnitude estimation is more
actionable than probabilistic exceedance information.

A second distinction lies in the number of input variables and computational requirements.
MetNet-3 leverages hundreds of meteorological elds and extensive computational infrastructure,
reportedly using 512 TPUv3 cores for seven days of training. In contrast, our models attain high
predictive skill using a concise input set|primarily past MRMS observations and HRRR precip-
itation forecasts|trained for 16, 21, and 8 days on only two NVIDIA H100 or four A100 GPUSs.
This e ciency stems from the models’ ability to learn and exploit the inherent spatiotemporal
correlations and persistence in HRRR and MRMS elds, which provide the dominant sources
of predictability in short-term rainfall forecasting. Although our training durations are longer,
the hardware requirements are substantially reduced, improving reproducibility and accessibility
for research environments. Furthermore, our framework bridges data-driven learning and phys-
ically informed modeling by explicitly incorporating HRRR forecasts as inputs, yielding greater
interpretability and physical consistency than purely statistical approaches.

Another key contribution of this work lies in the systematic comparison of three distinct mod-
eling strategies|data-driven, HRRR-corrective, and hybrid|each leveraging di erent sources
of information. To our knowledge, no previous study has explicitly contrasted these approaches

within a uni ed framework. This comparison not only advances DL precipitation forecasting but
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also deepens our understanding of the physical processes underlying precipitation predictability.
Our results demonstrate that purely data-driven models hold strong potential for very short lead

times, while hybrid approaches that integrate numerical forecasts with observations are essential for
longer lead times, when new storm systems develop and observational persistence alone become
insu cient.

Furthermore, this work introduces, for the rst time in this eld, a comprehensive evaluation
framework that assesses model skill across both spatial and temporal dimensions. Speci cally, we
perform regional and monthly evaluations and report performance using both pixel-wise and spatio-
statistical metrics. This uni ed framework provides a more complete and nuanced characterization
of forecast skill than has been available in previous studies.

Overall, both MetNet and our di usion-based framework represent complementary advances in
Al-driven precipitation forecasting. Whereas MetNet emphasizes probabilistic event likelihoods,
our model focuses on magnitude predictions with physically informed uncertainty quanti ca-

tion|two perspectives that together expand the frontier of DL weather prediction.

g. Model Limitations

A common limitation of many Al-based correction models, including ours, is that although they
e ectively learn and compensate for the systematic biases present in numerical models such as
HRRR, they may introduce new, smaller biases of their own. In our case, the HRRR-Corrective
model exhibits mild overprediction tendencies in speci ¢ situations|particularly during spring
months in the Southeast and during summer over the Rockies. These regional and seasona
discrepancies suggest that certain physical processes or atmospheric conditions may be inherentl
more di cult for the model to correct or learn from. Importantly, despite these localized biases,
the HRRR-Corrective model consistently outperforms the original HRRR forecasts across most
regions, seasons, lead times, and evaluation metrics. This indicates that the introduced biases ar
relatively minor compared to the larger error patterns the model successfully mitigates.

Future work could investigate whether these residual biases stem from unresolved or poorly
represented physical processes in the HRRR model itself (e.g., convective initiation, orographic
lifting, or moisture transport). This could be examined by comparing Al-model errors with HRRR

physics tendencies or reforecast experiments that isolate individual parameterization impacts,
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helping to identify whether systematic biases originate from the HRRR forcing elds. These
e ects may be especially in uential during months and regions where the DL model shows reduced

performance.

6. Conclusion and Future Work

This manuscript presents a comprehensive evaluation of three Al-based precipitation forecasting
models across the CONUS: a data-driven model, a hybrid model, and an HRRR-corrective model.
These models are benchmarked against the operational HRRR forecasts to assess their performanc
at both regular and extreme rainfall intensities, with 1 km spatial resolution and lead times ranging
from 1 to 12 hours. A central novelty of this work lies in the direct comparison across three
DL models each with distinct advantages and limitations. To the best of our knowledge, this is
the rst study to conduct such a large-scale and structured comparison for CONUS-wide extreme
precipitation, providing critical insight into how di erent inputs in DL models enhance learning
under real-world operational constraints. Our results demonstrate that the hybrid model achieves
the best performance at short lead times (1h), while the HRRR-corrective model consistently
outperforms both the HRRR and other DL models at longer lead times (up to 12h). This indicates
the value of incorporating physics-based forecasts as a conditional prior when predicting complex
spatiotemporal rainfall patterns.

Another contribution of this work is the detailed monthly and regional evaluation of model
performance. We show that the DL model behaviors are not only statistically robust but also
physically consistent with regional precipitation regimes. For example, model skill drops in
regions and months characterized by convective or monsoonal activity, which are historically
more challenging to predict. This physics-informed analysis framework adds interpretability and
reliability to Al-based weather forecasting.

We also introduce a UQ pipeline with enhanced interpretability for operational use. A new
custom loss function is developed to handle spatial error structures and false positive/negative
asymmetries in rainfall prediction. Furthermore, we propose a novel UQ framework that quanti es
and visualizes spatiotemporal uncertainty to support stakeholder decision-making, bridging the

gap between raw model outputs and actionable insights.
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Future work will explore the development of a globally generalizable DL model for rainfall
prediction, with scalability to diverse climates and input data sources. We also aim to re ne
our UQ framework with conformal prediction, which provides statistically valid uncertainty inter-
vals for each forecast. Additionally, we plan to enhance model interpretability by incorporating
explainability metrics (e.g., saliency maps, input-attribution analyses) to identify key predictors
in uencing rainfall intensity. These improvements will make the model’s outputs more transparent

and actionable for end users such as emergency managers and forecasters.
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APPENDIX A

Al. Input Variable Evaluation and Ablation Studies

To determine the most informative set of predictors for high-resolution precipitation forecast-
ing, we conducted comprehensive ablation studies evaluating a broad range of HRRR forecast
variables alongside MRMS observations. These experiments aimed to assess the marginal utility
of each candidate input in order to identify a con guration that balances predictive performance,

generalization, and computational e ciency.

a. Evaluated Input Variables

Table Al lists the HRRR forecast elds considered during our ablation studies, grouped by phys-
ical category. These include thermodynamic, dynamic, moisture-related, and other environmental
variables commonly used in meteorological modeling. Multiple forecast lead times are tested for

each variable to account for short-term atmospheric evolution and uncertainty.

b. Ablation Results and Final Input Selection

While several of the evaluated variables|such as Convective Available Potential Energy (CAPE),
precipitable water, and re ectivity|are physically relevant and have been used in prior forecasting

studies, our ablation results showed that their inclusion did not improve model performance.
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Table Al: HRRR forecast elds evaluated during ablation studies, grouped by variable type. Only
the most important variables, as identi ed through these studies, are used in the nal model.

Thermodynamics Fields Dynamic Fields Moisture & Precipitation Others
Temperature at 500 hPa Vertical Vorticity at 2000 m AGL Speci ¢ Humidity at 2 m Terrain elevation
Geopotential Height at 500 hPa Vertical Velocity at 500 hPa Dewpoint Temperature at 2 m
Mean Sea Level Pressure U & V Wind at 2000 m AGL and 10 m Precipitable Water
Convective Available Potential Energy U & V Wind at 500 hPa Total Precipitation (1-h Accumulation)
Convective Inhibition Composite Re ectivity

Re ectivity at 1000 m AGL

In many cases, they degraded performance due to issues such as input redundancy, noise, 0
inconsistent spatiotemporal patterns across forecast cycles. This outcome aligns with establishec
challenges in deep learning, where the inclusion of excessive or highly correlated variables can
introduce con icting signals, increase over tting risk, and reduce model generalization. Our
ndings emphasize that a parsimonious input set|grounded in physical relevance and aligned
with the task at hand|can outperform more complex or exhaustive input con gurations.

In addition to forecast elds, we tested the use of auxiliary contextual inputs. Latitude and
longitude coordinates are included to provide spatial awareness, while cyclic temporal encodings
(hour of day, day of year, and month) enabled the model to capture diurnal and seasonal patterns.
These inputs consistently improved performance, likely because they help the model account for
the varying physical processes and seasonal dynamics that characterize di erent regions across the
CONUS.

Lastly, we assess the value of including prior MRMS QPE observations at multiple timesteps.
These past observations contributed signi cantly to short-term forecasting performance, partic-
ularly for 1-hour lead time predictions, consistent with broader ndings in the environmental
modeling literature. This temporal context proves more valuable than many of the additional
HRRR forecast elds tested.

APPENDIX B
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B1. Tile Sampling Strategy for Training

To construct a diverse and informative training dataset, we follow a multi-step tile sampling and
Itering strategy designed to maximize spatial, temporal, and rainfall variability, while ensuring

regional balance across CONUS.

a. Step 1: Raw Tile Sampling Based on Rainfall Criteria

We begin by randomly sampling 512 512 km tiles from across the CONUS at each timestep. A

tile is retained if it meets at least one of the following two conditions:
Rainfall coverage: At least 25% of pixels contain non-zero precipitation.

Extreme rainfall: At least one pixel exceeds the local 10-year Annual Recurrence Interval
(ARI), as estimated by NOAA Atlas 14 (NOAA National Weather Service n.d.).

To prevent spatial redundancy and the overrepresentation of localized convective systems, we
enforce a minimum spacing of 30 km between selected tiles. For each timestep, up to 50 candidate
tiles are evaluated until 20 valid ones are retained. If fewer than 20 are found, the subset of valid
tiles is used and we proceed to the next timestep. This sampling is performed independently for
each month in the training set.

The output of this step is a large intermediate dataset containing hundreds of thousands of tile-
date pairs, re ecting a wide range of precipitation events, spatial distributions, and atmospheric

conditions.

b. Step 2: Regionally Balanced Subsampling

To prevent geographic bias and ensure that all climatic regimes are equally represented during
training, we subsample from the large pool generated in Step 1 by selecting up to 120 valid tiles
per region per month. Regions follow the NOAA-de ned hydrometeorological boundaries (e.g.,
SE, NGP, PCST). If a region{month pair contains fewer than 120 tiles, all available samples are
retained. This strategy avoids overrepresentation of wetter regions while preserving coverage

across drier areas, resulting in a dataset that is both spatially diverse and event-rich.

APPENDIX C
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C1. Evaluation Sampling Strategy

For each month in the testing period (March 2024 to February 2025), we select two forecast
initialization times to evaluate model performance. These times are determined using a shifting
scheme that varies by both month to ensure broad diurnal and seasonal coverage without clustering
evaluations at the same hours.

The speci ¢ selection follows a modular arithmetic procedure. For a given month string (e.qg.,
"2024.03"), we extract the numeric month and year, compute a base o set, and apply a month
shift to obtain a unique pair of evaluation times. The two resulting hours are spaced 12 hours
apart (e.g., 3Z and 152), yielding balanced sampling between daytime and nighttime conditions.
This strategy ensures that every month is evaluated under distinct and representative atmospheric

conditions while keeping the number of predictions tractable.

APPENDIX D

D1. Hyperparameters and Computational Resources

This appendix summarizes the key training con gurations and computational resources used in
this study. These details complement the methodological descriptions in Section 4 and are provided
here for reproducibility and completeness.

The data-driven and hybrid models are trained on two NVIDIA H100 GPUs (80 GB each), while
the HRRR-Corrective model is trained on four NVIDIA A100 GPUs (80 GB each). Total training
time varied signi cantly: approximately 16 days for the data-driven model, 21 days for the hybrid
model, and 8 days for the HRRR-Corrective model.

Due to these high computational demands|particularly the 21-day runtime for the hybrid
setuplfull-scale hyperparameter tuning over the entire dataset is not feasible. Instead, tuning
is conducted on a representative data subset containing approximately 10% of the total 30,000
samples, selected to preserve the spatial and temporal diversity of the full CONUS dataset and to
identify robust con gurations transferable to large-scale training.

All models are implemented in TensorFlow 2.17 with CUDA version 12.4 and trained using

oat32 precision. The nal con guration used the Adam optimizer with a learning rate of 1°10

and a batch size of 2. While larger batches are often recommended for di usion models due to
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improved gradient stability, we observe better performance with smaller batches. This is likely
because over 75% of pixels in the dataset correspond to zero rainfall, and larger batches dilute the
frequency of informative events. Early stopping is applied with a patience of 100 epochs and a
minimum delta of 1 108 , restoring the best-performing weights based on training loss.

Note that predictions are generated over tiles of size 512 512 pixels with a 50 km overlap between
adjacent tiles. As a result, 78 tile-level predictions are required to reconstruct the full CONUS
domain. To determine the most e ective strategy for merging overlapping regions, we conduct
several experiments comparing di erent aggregation schemes, including minimum, maximum,
average, and weighted combinations of the overlapping pixels. The minimum and maximum
methods led to degraded performance and produced unphysical edge artifacts, while the average
yielded the most consistent and accurate reconstructions. Therefore, the averaging approach is

adopted for all nal CONUS-scale products.

APPENDIX E

E1l. Weighted MAE Weighting Curve

As described in Section 4c, the HybridSigmalLoss combines two complementary components: a
Scaled MAE term that incorporates predictive uncertainty, and a Weighted MAE term that adjusts
the loss according to rainfall intensity. This appendix focuses speci cally on the latter component
to illustrate how the weighting mechanism behaves across the full precipitation range.

Figure E1 shows the sigmoid-based weighting function de ned in Equation 3. The curve
progressively increases the penalty with rainfall intensity, allowing the model to emphasize rare,
high-impact precipitation events while maintaining smooth transitions and numerical stability
during optimization. This design enables the loss to remain responsive to both light- and heavy-

rain regimes.

APPENDIX F

F1. Evaluation Metrics Details

This appendix provides the de nitions and mathematical formulations of the evaluation metrics

used throughout the manuscript. Metrics are grouped into two complementary categories: (i)
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Fig. E1: Sigmoid-based weighting function used in the Weighted MAE component of the Hybrid-
SigmaLoss. Weights increase with rainfall intensity, producing a smooth transition between low-
and high-penalty regions.

pixel-wise and threshold-based metrics that quantify pointwise accuracy and event detection,
and (ii) spatiostatistical metrics that assess structural realism and spatial coherence with the true
precipitation eld (MRMS). Together, these metrics o er a multifaceted view of model performance

relative to MRMS ground truth.

a. Pixel-Wise and Threshold-Based Metrics

Pixel-wise metrics evaluate performance at the grid-cell level and form the basis for assessing

accuracy and classi cation skill across di erent rainfall intensities.

(i) Mean Absolute Error (MAE)
#

i Hy (F1)
8=1

1
MAE = —
#

where # is the total number of pixelsgisithe predicted rainfall at pixel 8, angidthe corresponding
MRMS value.

(i) Probability of Detection (POD)

)%

POD=_—"1——
)%, #

(F2)

where )% is the number of true positives and # is the number of false negatives.
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(ii) Critical Success Index (CSI)

)%

CSl=————— F3
)%, %, # (F3)
Where % denotes false positives.
(iv) Fraction Skill Score (FSS)
MSE, 5 >”
FSS=1 ——— F4
MSEref ( )

Here, 5 and > represent the fractional coverage of predicted and observed rainfall events over
a neighborhood (5 by 5), MSE, 5 >" is the mean squared error between them, apdiMBE
MSE of a random reference forecast.

Thresholds used for binary metrics vary by region; see Table F1 for the full regional threshold

list.

Table F1: Rainfall thresholds (in mm) used for binary evaluation metrics across regions.

Region 50th Perc.  75th Perc.  90th Perc.  95th Perc.

CONUS 1.02 2.40 5.26 8.43
PCST 0.96 1.89 3.18 4.21
ROCK 0.90 1.92 3.94 6.13

NGP 1.14 2.80 6.33 10.14
MDWST 1.33 3.15 6.66 10.27
NE 0.88 2.03 4.71 7.72
SW 0.72 1.41 2.52 3.55
SGP 0.99 2.17 4.47 7.04
SE 0.96 2.04 4.00 5.90

b. Spatiostatistical Metrics

Spatiostatistical metrics evaluate whether the predicted precipitation elds reproduce the spatial

structure, frequency content, and distributional properties of MRMS.

(i) 2D Fourier Power Spectrum

%, H =" GiH (F5)
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where}: ¢ : 4 is the 2D discrete Fourier transform of the predicted precipitation eld, and
%,,:c : 4 is the spectral power at wavenumbegsand :p, corresponding to the horizontal and
vertical spatial directions, respectively.

(i) Spectral Coherence

5 ”
Coherence, 5" g (ow (F6)

(65" (HR5"

where (G4 57 is the cross-spectral density of the predicted and observed elds at frequency 5, and

(ce5”, (5" are the power spectral densities of the prediction and observation, respectively.

(i) Rainfall Intensity Distribution (PDF)

1 #
PDF,19" = 7 114, H (F7)
8=1
where Jgdenotes the®histogram bin, andi, H’ is an indicator function equal to 1 if the MRMS

rainfall value Hfalls in bin 1g, and O otherwise.
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