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Abstract. High-resolution precipitation information is es-
sential for hydrologic modeling, flood forecasting, and
climate-risk assessment, yet global weather and climate
models operate at spatial resolutions too coarse to resolve
storm structure, intermittency, and extremes. Deep-learning-
based statistical downscaling provides a computationally ef-
ficient alternative to dynamical downscaling, but determinis-
tic convolutional neural networks often yield overly smooth
predictions and underestimate fine-scale variability and ex-
treme events. Generative deep-learning models, including
generative adversarial networks and diffusion models, of-
fer a promising alternative by enabling stochastic downscal-
ing and explicit representation of uncertainty. This study
presents a systematic intercomparison of three represen-
tative deep-learning architectures for precipitation super-
resolution, namely a Convolutional U-Net as baseline, a
conditional Wasserstein GAN (WGAN), and a conditional
Denoising Diffusion Probabilistic Model (DDPM). Using
a perfect-model experimental design based on ERA5-Land
precipitation fields over climatologically distinct regions of
the United States, models are trained over the Central Plains
and Northwest domains and evaluated over an independent
Northeast test domain under 8× and 16× downscaling fac-
tors, providing a stringent test of cross-regional generaliza-

tion. Evaluation diagnostics span precipitation distributions,
wet–dry occurrence, extremes, spatial autocorrelation, spec-
tral structure, and ensemble-based uncertainty quantification.
All three models preserve large-scale precipitation organi-
zation, with differences emerging primarily at fine spatial
scales and in the representation of extremes and spatial de-
pendence. U-Net provides stable and computationally effi-
cient predictions but consistently smooths fine-scale variabil-
ity and suppresses extreme precipitation. WGAN improves
distributional fidelity and heavy-tail behavior with compar-
atively modest computational overhead. DDPM yields the
most physically coherent spatial structure and natural ensem-
ble diversity for uncertainty quantification, at a substantially
higher computational cost. Analysis of seed-based variabil-
ity further reveals that training uncertainty dominates over
stochastic generation variability, underscoring the need for
multi-seed evaluation in generative downscaling systems.

1 Introduction

Global climate models are fundamental tools for project-
ing future hydroclimate, yet their typical horizontal spa-
tial resolution (often on the order of ∼ 100–200 km) re-
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mains too coarse to represent the mesoscale and storm-
scale processes that govern precipitation intermittency and
extremes (Feser et al., 2011; Palmer, 2014; Schär et al.,
2020). In contrast, hydrologic impact modeling, flood-risk
assessment, and climate adaptation planning commonly re-
quire precipitation information at finer resolution (∼ 10 km),
where localized gradients, orographic forcing, land–sea con-
trasts, and convective organization must be adequately rep-
resented (Lucas-Picher et al., 2021; Nishant et al., 2023;
Piani et al., 2010; Stephens, 2017). As a result, the direct
application of coarse-resolution model output is inadequate
for hydrologic impact assessment, flood risk estimation, and
climate-risk analysis, especially in situations characterized
by strong spatial intermittency and extremes (Giorgi and
Gutowski, 2015; Tabari et al., 2021; Wood et al., 2004). To
address this scale mismatch and provide high-resolution in-
formation required for hydrologic and climate-impact appli-
cations, downscaling techniques are employed to infer fine-
scale fields from coarse-resolution model output. Dynamical
downscaling, which relies on physics-based regional climate
models (RCMs), has been widely used to improve the repre-
sentation of mesoscale processes and precipitation extremes
(Coppola et al., 2020; Giorgi and Gutowski, 2015; Giorgi and
Mearns, 1991; Maraun et al., 2010). However, the substan-
tial computational cost of RCMs severely constrains ensem-
ble size, limits the exploration of uncertainty, and restricts
their applicability for large multi-model or multi-scenario
studies (Deser et al., 2012; Gao et al., 2012; Tomasi et al.,
2025). These limitations have motivated growing interest
in empirical downscaling approaches, including statistical
and machine-learning-based methods, which offer orders-of-
magnitude reductions in computational cost (Baño-Medina
et al., 2020; Hobeichi et al., 2023; Lange, 2019; Mamalakis
et al., 2017; Vrac et al., 2007).

Recent advances in deep learning have substantially re-
shaped empirical precipitation downscaling. Convolutional
neural networks (CNNs), particularly end-to-end architec-
tures such as the U-NET, have demonstrated strong skill in
reproducing mean precipitation patterns, spatial continuity,
and wet–dry occurrence with stable training and fast infer-
ence, making them attractive for large-scale and operational
applications (Baño-Medina et al., 2020; Höhlein et al., 2020;
Vandal et al., 2017). However, deterministic CNNs are typ-
ically optimized using pixel-wise loss functions that favor
conditional mean solutions, resulting in overly smooth pre-
cipitation fields, reduced small-scale variability, and system-
atic underrepresentation of extremes, especially at high spa-
tial resolutions and large downscaling factors (Abdelmoaty
et al., 2025, 2026; Ravuri et al., 2021; Singh et al., 2026).
To address these limitations, stochastic generative models
have been increasingly explored to represent the inherent
non-uniqueness of fine-scale precipitation conditioned on
coarse inputs (Rampal et al., 2024). Generative adversarial
networks (GANs), including Wasserstein GANs, have shown
improved representation of fine-scale structure and extreme

intensities relative to deterministic models, but their training
is sensitive to hyperparameter choices and can suffer from
instabilities and mode collapse, complicating robustness and
calibration (Arjovsky et al., 2017; Gulrajani et al., 2017;
Harris et al., 2022). More recently, diffusion-based genera-
tive models have emerged as an alternative stochastic frame-
work, offering improved training stability and flexible un-
certainty representation through a forward–reverse diffusion
process, with latent diffusion variants improving computa-
tional efficiency by operating in a compressed feature space
(Khader et al., 2023; Lyu et al., 2024; Tomasi et al., 2025).
Early applications suggest that diffusion models can outper-
form both deterministic CNNs and GANs in capturing multi-
scale variability and spatial organization, though at substan-
tially higher inference cost and with sensitivity to diffusion
configuration (Mardani et al., 2025; Wang et al., 2025). De-
spite these advances, existing studies typically develop and
evaluate deterministic, adversarial, and diffusion-based ap-
proaches in isolation, using case-specific designs and sin-
gle target resolutions, leaving key questions unanswered re-
garding their relative performance, uncertainty representa-
tion, and computational scalability for hydrologically rele-
vant diagnostics.

In this study, we address these gaps through a compre-
hensive, hydrologically oriented comparison of three repre-
sentative deep-learning frameworks for daily precipitation
super-resolution downscaling: a U-Net trained with pixel-
wise mean squared error (MSE) loss, a Wasserstein genera-
tive adversarial network (WGAN), and a denoising diffusion
probabilistic model (DDPM) in a conditional setting. Us-
ing a common training and evaluation framework, we assess
their ability to reproduce precipitation occurrence, spatial
structure, temporal consistency, precipitation distributions,
extreme-event behavior, and uncertainty characteristics. We
further investigate multi-seed and stochastic realizations to
quantify within-seed and across-seed variability, providing
insights into the relative contributions of model initialization
and stochastic sampling to prediction uncertainty. By com-
paring regression-based, adversarial, and diffusion-based ap-
proaches under a consistent experimental design and empha-
sizing physically meaningful diagnostics, this work aims to
clarify the strengths and limitations of contemporary deep-
learning downscaling methods and provide guidance for hy-
drologic and climate-risk applications requiring reliable rep-
resentation of precipitation extremes, spatial organization,
temporal persistence, and predictive uncertainty.

2 Data and methodology

2.1 Data

We use precipitation fields from the ERA5-Land reanalysis
dataset (Muñoz-Sabater et al., 2021), which provides hourly
accumulated precipitation at 0.1° (∼ 9 km) spatial resolu-
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Figure 1. Geographic domains used in this study, showing the three 128× 128 grid regions over the contiguous United States representing
distinct hydroclimatic regimes: the Northwest, Central Plains, and Northeast.

tion over global land surfaces. Hourly precipitation is ag-
gregated to daily totals and extracted over the contiguous
United States (CONUS) for the period 1980–2014. This 35-
year record is sufficiently long to sample a wide range of
storm types, hydroclimatic variability, and interannual fluc-
tuations. ERA5-Land is selected because it provides physi-
cally consistent land-surface precipitation estimates that are
widely used in hydrologic modeling and downscaling evalu-
ation.

To assess model behavior across distinct precipitation
climatologies, we define three non-overlapping 128× 128
grid domains (∼ 1150 km× 1150 km at mid-latitudes) repre-
senting major US hydroclimatic regimes (Fig. 1): (i) Cen-
tral Plains (30.2–43.0° N, 105.4–92.6° W), dominated by
warm-season convective precipitation; (ii) Northwest (36.6–
49.4° N, 121.8–109.0° W), characterized by wintertime oro-
graphic enhancement and strong seasonal contrast; and
(iii) Northeast (36.6–49.4° N, 90.4–77.6° W), influenced by
synoptic-scale cyclones and frontal systems.

A cross-regional evaluation strategy is adopted to test gen-
eralization across hydroclimatic regimes. Models are trained
using samples from the Central Plains and the Northwest.
The validation samples are drawn partially from the Central
Plains to guide model selection and early stopping, while the
Northeast samples are reserved for independent model eval-
uation and testing regional generalization. This setup ensures
that the Northeast region is not used for parameter learning
during training to keep it as a strictly independent test set
(Rampal et al., 2024; Vandal et al., 2017).

Daily precipitation values below 1 mmd−1 are treated
as dry and set to zero, following commonly used wet-day
thresholds in hydro-climatological analyses (Teutschbein
and Seibert, 2012; Trenberth et al., 2015). To ensure that
learning is driven by meaningful spatial rainfall structure
rather than near-empty scenes, days with fewer than 1 %
wet pixels (< 164 wet pixels in a 128× 128 domain) are ex-
cluded. This filtering removes 13.76 %, 8.11 %, and 3.41 %
of samples in the Central Plains, Northwest, and Northeast
regions, respectively, with the highest removal occurring dur-
ing winter (DJF) and autumn (SON), and minimal removal

during summer (JJA). This indicates that the filtering primar-
ily excludes dry and weak precipitation events. While this
step improves training stability, it may lead to an underrep-
resentation of light rainfall and a slight reduction in wet-day
occurrence frequency. After preprocessing, 11 025 samples
are retained for the Central Plains, 11 747 for the Northwest,
and 12 348 for the Northeast. The dataset is then split into
19 200 training samples, 3304 validation samples, and 12 348
test samples.

Low-resolution inputs are generated through block aver-
aging, producing 8× and 16× aggregated precipitation fields
while conserving storm-total rainfall volume. Block averag-
ing is preferred over interpolation because it preserves phys-
ical mass consistency and avoids introducing artificial spa-
tial correlations (Hsu et al., 2024; Kumar et al., 2023; Sten-
gel et al., 2020). For the 8× configuration, 128× 128 fields
(∼ 9 km) are aggregated to 16× 16 (∼ 72 km) and models
are trained to reconstruct the corresponding 128× 128 tar-
get. For the 16× configuration, targets are reconstructed from
8× 8 (∼ 144 km) inputs. This design defines a perfect-model
super-resolution framework in which inputs and targets orig-
inate from the same dataset, enabling controlled evaluation
of spatial refinement independent of predictor mismatch or
bias-correction effects.

2.2 Models

In this study we used a deterministic convolutional U-NET
as a baseline and two generative models WGAN and DDPM
for downscaling precipitation. A schematic of these deep-
learning architectures is presented in Fig. 2 and detailed ar-
chitectures including total numbers of trainable parameters
are included in Fig. S1 and Table S1 in the Supplement.

2.2.1 U-NET

A U-NET architecture is widely used in deep learning-
based super-resolution downscaling experiments (Abdel-
moaty et al., 2025; Papalexiou and Mamalakis, 2025; Wang
et al., 2021). The model takes as input a coarse precipita-
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Figure 2. Schematic of the deep-learning architectures used for precipitation super-resolution downscaling (16×). (a) Deterministic U-
NET with an encoder–decoder structure and skip connections producing a single high-resolution output. (b) Conditional Wasserstein GAN
(WGAN), where a stochastic generator produces high-resolution fields conditioned on low-resolution input and noise and is trained adver-
sarially against a critic. (c) Conditional denoising diffusion probabilistic model (DDPM), which reconstructs high-resolution precipitation
through an iterative, noise-to-signal denoising process conditioned on the coarse input.
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tion field xLR of size 16× 16 for the 8× downscaling task
or of size 8× 8 for the 16× downscaling task, together with
a spatially uncorrelated noise tensor z∼N(0,I ) of identical
dimensions. The noise input is included solely to maintain
architectural compatibility with the stochastic generator used
in the WGAN framework, but since the network is trained in-
dependently using a mean-squared error (MSE) loss, it con-
verges to the conditional mean of the high-resolution target
given the coarse input and therefore exhibits deterministic
behavior during inference (Lakshminarayanan et al., 2017;
Yan et al., 2019). The MSE loss is expressed as:

LMSE = E
[
‖Gθ (xLR,z)− xHR‖

2
2

]
(1)

where Gθ denotes the U-NET mapping parameterized by θ ,
and xHR represents the corresponding high-resolution target
field.

Architecturally, the encoder consists of two down-
sampling stages with 32 and 64 filters, each containing pairs
of 3× 3 convolutional layers with ReLU activations, fol-
lowed by 2× 2 max-pooling layers. The bottleneck includes
two convolutional layers with 128 filters. The decoder em-
ploys transposed convolution up-sampling and incorporates
skip connections from the encoder to preserve fine-scale spa-
tial organization. To reach the target 128× 128 resolution
from the coarse input, three progressive up-sampling stages
are applied (32→ 64→ 128), using 2× 2 transposed convo-
lutions with Leaky ReLU activations, followed by refinement
convolutions at full resolution. The output layer uses a linear
activation to produce precipitation intensity in mmd−1. The
model is trained end-to-end using the Adam optimizer (learn-
ing rate 1× 10−4, beta1= 0.9, beta2= 0.999, batch size 32)
with early stopping when validation loss fails to improve for
ten consecutive epochs (patience= 10). No weight decay is
used, and the best checkpoint based on validation set MSE is
retained for evaluation.

2.2.2 Wasserstein GAN (WGAN)

To enable stochastic and spatially realistic precipitation
downscaling, we implement a conditional Wasserstein GAN
(WGAN), following (Arjovsky et al., 2017; Gulrajani et al.,
2017; Papalexiou and Mamalakis, 2025). The generator,
which is the same noise-conditional U-NET described above,
maps a coarse precipitation field xLR together with a spatial
noise tensor z∼N(0,I ) to a high-resolution field x̂HR on
the 128× 128 grid. Unlike the MSE-trained U-NET, which
converges to the conditional mean, adversarial optimization
enables sampling from the conditional distribution of plau-
sible high-resolution rainfall structures conditioned on the
same coarse input. The critic Cψ serves as a conditional dis-
criminator and evaluates the realism of the generated field
given the coarse rainfall context. It consists of two pathways:
an encoder that reduces the 128× 128 field through strided
convolutions, and an embedding of the low-resolution input

into a matching spatial feature representation. These feature
streams are fused and reduced to a scalar score, enabling
the critic to assess global storm morphology while remain-
ing aware of the large-scale meteorological state.

Let xHR ∼ Pr denote real high-resolution samples and
x̂HR =Gθ (xLR,z)∼ Pg denote generated samples. The con-
ditional Wasserstein critic loss is:

LC = Ex̂HR∼Pg

[
Cψ

(
x̂HR,xLR

)]
−ExHR∼Pr

×[Cψ (xHR,xLR)] + λEx̃∼Px̃

×

[(
‖∇x̃Cψ (x̃,xLR)‖2

)2] (2)

where, interpolated sample (x̃) is defined as,

x̃ =∈ xHR+ (1− ∈)x̂HR,∈∼ U(0,1). (3)

The generator is trained to maximize the critic score for
the generated samples, corresponding to:

LG =−Ex̂HR∼Pg

[
Cψ

(
x̂HR,xLR

)]
. (4)

The model is trained using a gradient penalty weight
λ= 10, updating the critic three times for each generator up-
date. Both networks use the Adam optimizer with learning
rate 1× 10−4, β1= 0.0, and β2= 0.9, with no weight de-
cay. To characterize epistemic variability, ten WGAN mod-
els independently initialized with different random seeds are
trained for 200 epochs, producing ensembles of generated
samples for each coarse precipitation input.

2.2.3 Denoising Diffusion Probabilistic Model (DDPM)

To exploit recent advances in likelihood-based generative
modeling for high-resolution precipitation reconstruction,
we implement a conditional DDPM following the frame-
work proposed by Ho et al. (2020). In their framework, the
model learns to reverse a fixed forward diffusion process
that progressively perturbs high-resolution (HR) precipita-
tion fields with Gaussian noise over T = 500 steps. During
training, the network predicts the added noise at a randomly
sampled timestep t , conditioned on the corresponding low-
resolution (LR) precipitation field (either 16× 16 or 8× 8).
At inference, samples are obtained by iteratively denoising
pure Gaussian noise while conditioning on the LR field. The
forward process is defined as:

q(x1:T | x0)=

T∏
t=1
q(xt | xt−1) (5)

q (xt |xt−1)=N(xt ;
√

1−βtxt−1,βtI ) (6)

where {βt }Tt=1 is the noise schedule. We adopt the cosine
noise schedule (Song and Dhariwal, 2024) to improve sam-
ple smoothness and reduce denoising artifacts. The cumula-
tive signal retention is given by
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αt =

t∏
s=1
(1−βs) (7)

α̃t =
cos2

(
t/T+s

1+s ·
π
2

)
cos2

(
s

1+s ·
π
2

) (8)

with a small offset s = 0.008 to avoid extreme noise ratios.
At training time, the model predicts the noise ε added to x0
at timestep t , conditioned on the LR field xLR:

L= Ex0,ε,t

[
‖ε− εθ (xt , t,xLR)‖

2
2

]
(9)

where xt =
√
αtx0+

√
1−αtε. The network backbone is a

conditional U-NET augmented with sinusoidal time embed-
dings and Feature-wise Linear Modulation (FiLM; (Perez
et al., 2018) layers to inject timestep context and LR con-
ditioning into intermediate feature representations. Time is
encoded using 256-dimensional sinusoidal embeddings,

γ (t)=

[
sin
(

t

100002i/256

)
,cos

(
t

100002i/256

)]127

i=0
(10)

and refined using a multilayer perceptron to produce a
contextualized embedding temb. Within each convolutional
block, FiLM modulates internal activations according to the
timestep and LR conditioning:

FiLM(h, temb)= γ (temb)�h+β(temb). (11)

This allows the model to adapt its representations to differ-
ent stages of the denoising trajectory. To condition DDPM,
the LR field is up-sampled to 128× 128 via bilinear inter-
polation and concatenated with the noisy HR input, ensuring
that the coarse-scale spatial context informs the fine-scale re-
construction. Unlike the U-Net and WGAN models, which
were trained without an additional target normalization step,
DDPM training employed a log(1+ x) transformation fol-
lowed by min-max normalization. This normalization was
introduced to improve numerical stability during the iterative
diffusion and denoising process. During training, we mini-
mize the noise-prediction loss using the AdamW optimizer
(learning rate 1× 10−4, β1= 0.9, β2= 0.999, weight decay
1× 10−4). During inference, HR precipitation samples are
generated by iteratively applying the reverse diffusion up-
date,

xt−1 =
1
√
αt

(
xt −

βt
√

1−αt
εθ (xt , t,c)

)
+ σtz,

z∼N(0,I ) (12)

for all t from T to 1, injecting noise at each step except the
final one. This additional noise makes the denoising process
more stochastic and for same LR input, keeping all other pa-
rameters same, we get different downscaled output.

All three models (U-NET, WGAN, and DDPM) were
trained using 10 different random seeds, yielding 10 inde-
pendently initialized and trained realizations of each archi-
tecture. For a given low-resolution input, one prediction was
generated from each trained instance, forming a 10-member
ensemble. This ensemble primarily reflects epistemic uncer-
tainty arising from random weight initialization during train-
ing. To ensure a fair comparison across downscaling fac-
tors, the core network architectures were kept fixed across
experiments. For the deterministic U-NET and the WGAN,
the same generator and critic architectures were used for
both 8× and 16× configurations. The increased difficulty of
the 16× case was introduced solely by providing coarser in-
puts and by bilinearly interpolating 8× 8 fields to 16× 16
before being passed to the networks, while keeping the tar-
get resolution at 128× 128.

For the DDPM, the same denoising U-NET architecture
was used for both scaling configurations. In the 8× setup,
conditioning fields were bilinearly interpolated from 16× 16
to 128× 128 through three successive 2× interpolations,
consistent with the diffusion model’s multi-scale refinement
process. In the more challenging 16× setup, conditioning
fields originated from 8× 8 inputs and were similarly inter-
polated to 128× 128 through repeated (four-times) 2× bi-
linear interpolation steps before being concatenated with the
noisy target field at each diffusion timestep. This design
ensured that differences in performance across scaling fac-
tors reflect the increased information gap in the input, rather
than changes in model capacity or architecture. By hold-
ing network architectures fixed and varying only the effec-
tive resolution of the conditioning input, this experimental
setup enables a controlled and equitable comparison of deter-
ministic and generative models across downscaling factors.
This implementation allows direct comparison with U-NET
and WGAN models under identical input configurations and
downscaling ratios (8× and 16×) isolating differences at-
tributable to generative formulation rather than architectural
capacity or preprocessing design.

3 Performance evaluation

To evaluate the statistical fidelity, spatial realism, and hydro-
logically relevant characteristics of the downscaled precipi-
tation fields produced by the U-NET, WGAN, and DDPM
models, we employ a set of complementary evaluation mea-
sures. These measures examine distributional consistency,
representation of extremes and dry occurrence, rainfall mass
conservation across spatial scales, spatial organization and
storm morphology, and binary precipitation detection skill.
All analyses are conducted on a test set of 12 348 daily pre-
cipitation fields from the unseen Northeast hydroclimatic re-
gion. For each modeling framework, results are computed
across a 10-member ensemble consisting of independently
trained models initialized with different random seeds.
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3.1 Distributional consistency

3.1.1 Quantile–Quantile (Q–Q) analysis

Quantile behavior is assessed by comparing the p-quantile
of model predictions (QModel

p ) with the corresponding target

(ERA5-Land) quantile (QTarget
p ).

QModel
p = F−1

Model(p) (13)

Q
Target
p = F−1

Target(p) (14)

where p ∈ [0,1] and F−1 denotes the empirical inverse of
the cumulative distribution function (CDF). When plotted to-
gether, alignment with the 1 : 1 line indicates agreement in
distributional shape, while deviations at high p quantify er-
rors in extreme precipitation intensity representation.

3.1.2 Exceedance probability

Extreme rainfall representation is examined using the com-
plementary CDF and evaluated across intensity thresholds x.
This emphasizes tail performance (e.g., > 10 mmd−1),
which is critical for hydrologic risk estimation. The proba-
bility that exceeds the threshold (x) is expressed as:

P(XModel > x)= 1−FModel(x) (15)

where F(x) is CDF of rainfall intensity.

3.1.3 Probability of zero precipitation (P0)

Dry–wet occurrence skill is evaluated using the probability
of zero (or near-zero) precipitation, defined as:

PModel
0 =

1
N

N∑
i=1

1
(
XModel
i ≤ xth

)
(16)

where N is the total number of evaluated grid cells (pixels),
Xi is pixel intensity, xth= 1 mmd−1. This metric quantifies
how often a model predicts dry conditions and is essential for
diagnosing dry bias.

3.1.4 Higher-order statistical moments

To characterize the statistical properties of precipitation dis-
tributions, we compute the first four L-moments at each grid
cell using precipitation values exceeding 1 mmd−1. Specif-
ically, we analyze the mean (first L-moment), L-dispersion
(second L-moment), L-skewness, and L-kurtosis, which de-
scribe the central tendency, variability, asymmetry, and tail
behavior of the precipitation distribution, respectively (Pa-
palexiou and Mamalakis, 2025). These statistics are calcu-
lated independently for the Target (ERA5-Land) and model-
generated precipitation fields and compared using pixel-wise
scatter plots, bias, and RMSE metrics.

3.2 Mass conservation

Cumulative mean rainfall depth

We evaluate whether precipitation depth is preserved across
spatial aggregation scales during downscaling. For an ag-
gregation scale s, the precipitation field is partitioned into
non-overlapping s× s blocks. The mean precipitation depth
within block j is computed as

Xs,j =
1
s2

∑
i∈j

Pi (17)

where Pi denotes the precipitation value at grid cell i,
and Xs,j represents the mean precipitation depth within
block j at aggregation scale s. This quantity is computed
independently for both the Target (ERA5-Land) and model-
generated precipitation fields.

The resulting block-mean precipitation depths are com-
pared across aggregation scales using the Pearson correla-
tion coefficient (r), mean bias, and root-mean-square error
(RMSE). High correlation together with low bias and RMSE
indicates that the downscaling model preserves precipitation
depth consistently across spatial scales, thereby maintaining
the large-scale rainfall characteristics of the target dataset.

3.3 Spatial structure and storm morphology

3.3.1 Lagged spatial autocorrelation

Spatial dependence in precipitation fields is evaluated using
lagged spatial autocorrelation, which quantifies the similar-
ity of precipitation values separated by a given spatial lag
(Papalexiou et al., 2021). For a specified lag distance d , the
lagged autocorrelation is computed as the Pearson correla-
tion coefficient between paired precipitation values sampled
at locations separated by d . Specifically, the statistic is de-
fined as

r(d)=

N∑
i=1

(
X(si)−X

)(
X(si + d)−X

)
√

N∑
i=1

(
X(si)−X

)2 N∑
i=1

(
X(si + d)−X

)2 , (18)

where X denotes either XTarget or XModel, X is the sample
mean of the precipitation field, si denotes a spatial location,
d is the lag, and N is the number of valid grid-level pairs.
The statistic is computed for a range of lag distances and
averaged over all valid pairs at each lag.

3.3.2 Fraction Skill Score (FSS)

Spatial coherence and storm organization are assessed using
the Fraction Skill Score (FSS), a window-based metric that
compares the fractional rainfall coverage in predictions and
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targets (Gilleland et al., 2009; Roberts and Lean, 2008). For
a window of size w, the score is defined as

FSS(w)= 1−
E
[
(PModel−PTarget)

2]
E
[
P 2

Model
]
+ ε

(19)

where PModel and PTarget denote the fractional rainfall cov-
erage within windows of size w computed from the model
prediction and the reference target precipitation, respectively.
FSS ranges from 0 (no skill) to 1 (perfect spatial agreement),
making it particularly effective for diagnosing displacement
errors, spatial smoothing, and the realism of storm geometry.

3.3.3 Radial power spectrum

Scale-dependent spatial variability in downscaled predictions
is evaluated using the radially averaged Fourier power spec-
trum, which characterizes how energy is distributed across
spatial wavenumbers (Bednarz and Cherukuri, 2023; Harri-
son et al., 2025; Skamarock, 2004). The 2-D discrete Fourier
transform of the rainfall field,

F(kx,ky)= F {X(x,y)} (20)

where F {·} denotes the 2-D discrete Fourier transform, yields
the spectral power,

P(kx,ky)=| F(kx,ky)|
2 (21)

which is then azimuthally averaged to obtain the one-
dimensional spectrum P(k). Agreement between predicted
and targeted spectra indicates that the model accurately cap-
tures multiscale storm structure from large synoptic gradients
to mesoscale organization and fine-scale convective patterns.
Whereas deviations reveal scale-specific biases such as ex-
cessive smoothing, noise amplification, or loss of small-scale
variability.

3.3.4 ROC curve and AUC

Binary precipitation-occurrence skill is assessed using Re-
ceiver Operating Characteristic (ROC) analysis based on a
random threshold (here, wet/dry threshold of x= 1 mmd−1)
(Harris et al., 2022). The Area Under the Curve (AUC) satis-
fies Eq. (22).

0.5≤ AUC≤ 1 (22)

where AUC= 1, denotes perfect discrimination between wet
and dry events, and AUC= 0.5 indicates no discrimina-
tive ability (random chance). This metric evaluates ability
of models to correctly identify rainfall occurrence indepen-
dently of intensity, making it particularly useful for diagnos-
ing dry–wet classification bias.

3.4 Temporal correlation

To evaluate temporal consistency of precipitation fields,
we construct time series at each grid cell by considering

the sequence of spatial fields as a temporal evolution. Let
Pt (i,j) denote precipitation at grid cell (i,j ) and time t . The
temporal correlation at each grid cell is defined as:

ri,j (τ )= corr(Pt (i,j),Pt+τ (i,j)) (23)

where τ is the temporal lag. This results in a distribution of
correlation values across all spatial locations for each lag.

4 Computational requirements

All model trainings were conducted on a single
NVIDIA A100 GPU (80 GB memory). Each architec-
ture was trained for 200 epochs using 19 200 training
samples and tested on 12 348 test samples. Substantial
differences in computational demand were observed across
the three model classes (Table 1). The U-NET baseline
completed training in approximately 16 min, reflecting the
efficiency of direct supervised optimization with a single
forward–backward pass per batch. In contrast, the WGAN
required 1 h and 12 min to train, driven primarily by the
need to update the critic multiple times per generator update
and to compute the gradient-penalty term that enforces the
1-Lipschitz constraint. The DDPM exhibited the highest
training cost, requiring 2 h and 29 min, since each optimiza-
tion step involves predicting injected noise over a sequence
of 500 diffusion timesteps.

Inference performance showed an even stronger diver-
gence. Because the U-NET and WGAN generators share
identical architectures and an equal number of trainable pa-
rameters (differing only in training objectives), their infer-
ence times were nearly identical, requiring 1.33 and 1.32 s,
respectively, to process the full test set (12 348 samples).
In contrast, the DDPM required 1 h and 38 min for infer-
ence, since high-resolution precipitation fields are gener-
ated through an iterative reverse-diffusion sampling pro-
cedure that sequentially refines noise over 500 denoising
steps. These differences underscore the computational trade-
offs between deterministic convolutional downscaling and
likelihood-based generative modeling. While WGAN of-
fers stochastic outputs with moderate added computational
burden, DDPM provides calibrated ensemble diversity at
substantially higher computational cost, a factor that may
strongly influence operational deployment, ensemble fore-
casting, and climate-model downscaling at scale.

5 Results and discussion

5.1 Training behavior

The three downscaling architectures exhibit distinct opti-
mization characteristics that directly reflect their learning
objectives and model structures. The deterministic U-NET
converges most rapidly under both the 8× and 16× super-
resolution configurations, with training and validation losses
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Table 1. Comparison of training and inference times for U-NET, WGAN, and DDPM models on a single NVIDIA A100 (80 GB) GPU.

Resource Model Training Inference
(12 348 samples)

Per-Sample Time Remarks

A100-80 GB GPU (1) U-NET ∼ 16 min ∼ 1.33 s ∼ 0.0001 s Fastest, single forward
pass

WGAN
(Generator)

∼ 1 h 12 min ∼ 1.32 s ∼ 0.0001 s Multiple critic steps

DDPM (T = 500) ∼ 2 h 29 min ∼ 1 h 38 min ∼ 0.5 s 500 denoising steps
per image

DDPM (T = 100) ∼ 2 h 23 min ∼ 20 min 59 s ∼ 0.1 s 100 denoising steps
per image

DDPM (T = 50) ∼ 2 h 21 min ∼ 10 min 27 s ∼ 0.05 s 50 denoising steps per
image

decreasing sharply and stabilizing within the first few epochs
(Fig. S2a). The near-perfect overlap between training and
validation curves indicates negligible overfitting and strong
generalization, consistent with optimization under a mean-
squared-error objective that drives the network toward a con-
ditional mean solution. Final loss values are systematically
higher for the 16× configuration, reflecting the larger infor-
mation gap between the coarse 8× 8 inputs and the high-
resolution targets.

The WGAN displays the characteristic oscillatory dynam-
ics associated with adversarial training. For the 8× case, the
critic loss stabilizes within a narrow negative range while
the generator loss fluctuates around a stationary mean, in-
dicating a sustained adversarial equilibrium and effective
enforcement of the 1-Lipschitz constraint through gradient
penalty regularization (Fig. S2b). Under the more challeng-
ing 16× configuration, critic and generator losses exhibit
increased variability, reflecting the greater difficulty of dis-
criminating realistic structure when the conditioning input
contains extremely limited spatial information. Nevertheless,
the loss trajectories remain bounded across all seeds, with no
evidence of training instability or mode collapse. It is im-
portant to note that adversarial loss values are not directly
comparable to conventional supervised validation losses and
are often only weakly correlated with sample quality. There-
fore, WGAN convergence was assessed not only through ad-
versarial losses but also through independent diagnostics, in-
cluding SSIM, exceedance probability characteristics, spatial
correlation statistics, and qualitative sample realism. Collec-
tively, these results indicate stable adversarial training across
both super-resolution configurations.

The DDPM shows the most monotonic and stable op-
timization behavior among the three models. The noise-
prediction loss decreases smoothly for both super-resolution
factors, and training and validation curves remain nearly
indistinguishable throughout training (Fig. S2c), indicating
strong generalization. Convergence is slower than U-NET

and WGAN, reflecting the iterative denoising process and
timestep conditioning intrinsic to diffusion models. As ex-
pected, loss values are slightly higher for the more chal-
lenging 16× configuration, where substantially less informa-
tion is available in the coarse-resolution input. Nevertheless,
training remains stable across all seeds, underscoring the ro-
bustness of likelihood-based diffusion models for learning
structured precipitation fields under severe information con-
straints.

5.2 Model performance evaluation

5.2.1 Visual reconstruction of precipitation fields

Visual inspection of reconstructed precipitation fields re-
veals clear performance differences between the 8× and
16× downscaling tasks (Figs. S3 and 3). Under the 8× con-
figuration, where coarse inputs retain recognizable storm-
scale organization, all three models successfully recover the
dominant spatial structure of precipitation events. The U-
NET produces smooth, spatially coherent fields but systemat-
ically reduces sharp gradients and localized convective max-
ima. In contrast, WGAN outputs exhibit sharper boundaries
and more textured rainfall patterns, consistent with adversar-
ial training encouraging the reconstruction of high-frequency
spatial variability. DDPM reconstructions closely resemble
those of WGAN in terms of storm morphology and spatial
extent.

Performance degradation becomes evident for all models
under the 16× configuration, reflecting the extremely lim-
ited information content of the 8× 8 conditioning inputs.
In this case, U-NET predictions increasingly collapse to-
ward overly smoothed and diffuse rainfall fields, frequently
failing to recover localized storm features. Both generative
models retain substantially better spatial organization than
the U-NET, although fine-scale detail is reduced relative to
the 8× case. Both WGAN and DDPM recover fine-scale
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Figure 3. Reconstruction of high-resolution precipitation fields for the 16× downscaling task (8× 8→ 128× 128). Columns show six
randomly selected test samples, while rows show the low-resolution input, high-resolution target (ERA5-Land), and predictions from U-
NET, WGAN, and DDPM, respectively.

precipitation structures while maintaining spatially coherent
storm morphology that closely matches the target precipi-
tation patterns. These visual results highlight the growing
limitations of deterministic regression under extreme down-
scaling and demonstrate the advantage of generative mod-
els in reconstructing physically plausible precipitation pat-
terns when conditioning information becomes severely con-
strained. For completeness, a qualitative comparison with a
bilinear interpolation baseline is provided in Fig. S4, illus-
trating the added value of learned super-resolution models
beyond conventional interpolation.

5.2.2 Scale-dependent rainfall depth consistency (mass
conservation)

To assess whether the generated precipitation fields pre-
serve precipitation depth across spatial scales, we compared
block-mean precipitation depth between the target (ERA5-
Land) and the generated fields at aggregation scales rang-
ing from 1× 1 to 128 pixel× 128 pixel for both the 8×
and 16× downscaling experiments (Figs. 4 and S5, respec-
tively). For each aggregation scale, precipitation was aver-
aged within non-overlapping blocks, and the resulting block-
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Figure 4. Mass (rainfall depth) consistency across spatial aggregation scales for 16× downscaling. Scatter plots compare block-averaged
predicted and target (ERA5-Land) precipitation depths at aggregation scales of 1× 1, 2× 2, 4× 4, 8× 8, 16× 16, 32× 32, 64× 64, and
128× 128. Each point represents a spatially aggregated precipitation value computed over the corresponding block size. Results are shown
for single seed initialized U-NET (orange), WGAN (purple), and DDPM (pink). The dashed black line denotes perfect 1 : 1 agreement.
Panel annotations report model-specific mean bias, root-mean-square error (RMSE), and Pearson correlation coefficient (r) at each scale.
The analysis was performed using 2000 randomly selected samples from the test set (Northeast region) and one representative model initial-
ization for each generative framework due to the computational expense associated with evaluating the full test dataset and multiple model
initializations.

mean values from the generated fields were compared against
the corresponding target values using bias, root-mean-square
error (RMSE), and Pearson correlation coefficient. At the
native resolution (1× 1), all models exhibit noticeable scat-
ter around the one-to-one line, reflecting differences in local
precipitation intensity and spatial placement. These discrep-
ancies are more pronounced for the 16× downscaling task,
which involves reconstructing substantially finer-scale struc-
ture from a coarser input field. However, as the aggregation
scale increases, the scatter progressively decreases, correla-
tions approach unity, and RMSE is substantially reduced for
all models. This behavior indicates that a large fraction of
the disagreement originates from fine-scale spatial variabil-
ity, whereas precipitation depth is reproduced much more ac-
curately at mesoscale and regional scales.

The bias remains nearly constant across aggregation lev-
els for each model. This is expected because spatial aggrega-
tion preserves the domain-averaged precipitation amount and
therefore has limited influence on systematic precipitation-
depth biases. Consequently, the reduction in RMSE with
increasing aggregation scale primarily reflects the smooth-
ing of local-scale errors rather than changes in the over-

all precipitation budget. By aggregation scales of approxi-
mately 8× 8 pixels and larger, all three models exhibit near-
perfect correspondence with the target precipitation depth,
with correlations approaching 1.0 and only minimal resid-
ual errors. These results demonstrate that the U-Net, WGAN,
and DDPM largely conserve precipitation depth across spa-
tial scales, while most prediction errors are associated with
the representation of fine-scale precipitation structure rather
than systematic biases in the total precipitation amount. Con-
sistent behavior across both the 8× and 16× experiments fur-
ther indicates that the models maintain physically coherent
precipitation totals despite the increased difficulty of higher
downscaling.

5.2.3 Statistical distribution and storm morphology

Accurate precipitation downscaling requires preserving not
only precipitation occurrence and intensity but also the
higher-order statistical characteristics of precipitation fields.
To evaluate the statistical fidelity of the generated fields, the
probability of dry pixels (P0), mean precipitation, second
L-moment, L-skewness, and L-kurtosis were computed for
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each generated 128× 128 precipitation field and compared
against the corresponding ERA5-Land target field. Statis-
tics were evaluated across all generated realizations obtained
from the 10 independently initialized model seeds.

All three models reproduced the probability of dry pixels
with high fidelity, indicating accurate representation of pre-
cipitation occurrence and dry-wet transitions. For the 8× ex-
periment (Fig. S6), DDPM achieved the lowest bias and
RMSE (0.35 % and 0.67 %), followed by WGAN (1.17 %
and 1.47 %) and U-Net (2.39 % and 2.77 %). A similar
ranking was observed for the more challenging 16× ex-
periment (Fig. 5), where DDPM again produced the small-
est errors (bias= 0.58 %, RMSE= 1.82 %). Mean precipita-
tion and second L-moment were also reproduced accurately
across all models, with small biases and low RMSE values,
demonstrating strong preservation of precipitation intensity
and variability.

Greater differences among the models emerged for the
higher-order L-moments. Although L-skewness and L-
kurtosis exhibited larger scatter than the lower-order statis-
tics due to their sensitivity to localized extremes and tail
behavior, biases remained close to zero and RMSE values
remained relatively small in both experiments. WGAN and
DDPM generally produced lower errors than U-Net, partic-
ularly for the 16× downscaling task, indicating a modest
improvement in reproducing precipitation distribution asym-
metry and tail characteristics. Consistent with expectations,
agreement was generally stronger for the 8× experiment than
for the more challenging 16× experiment, as reflected by
the tighter clustering around the one-to-one line and lower
RMSE values across all statistics. These results demonstrate
that all three models successfully preserve the key statis-
tical properties of precipitation fields at the native high-
resolution scale. While higher-order distributional character-
istics remain more challenging to reproduce than lower-order
moments, particularly for 16× downscaling, WGAN and
DDPM provide slightly improved representation of precip-
itation occurrence, asymmetry, and tail behavior compared
to U-Net.

Spatial autocorrelation was evaluated in both the horizon-
tal and vertical directions for lags ranging from 1 to 8 pix-
els in order to assess the ability of the models to reproduce
the spatial organization of precipitation fields. Autocorrela-
tion distributions were computed across all test samples and
compared against the corresponding ERA5-Land target fields
for both the 8× and 16× downscaling experiments (Fig. 6).
All models reproduced the overall decline in autocorrelation
with increasing spatial lag observed in the target precipitation
data, indicating preservation of the dominant spatial depen-
dence structure. However, systematic differences emerged
in the rate at which autocorrelation decayed with distance.
U-Net consistently exhibited higher autocorrelation values
than ERA5-Land across intermediate and larger lags, indi-
cating a slower decay of spatial dependence. This behavior
is consistent with the smoother precipitation structures com-

monly produced by MSE-based optimization, which tend to
increase spatial coherence and suppress fine-scale variability.

In contrast, WGAN and DDPM more closely reproduced
the autocorrelation distributions of ERA5-Land in both the
horizontal and vertical directions. The agreement was par-
ticularly evident at intermediate and larger lags, where the
observed decay of spatial dependence was better captured
than by U-Net. This suggests that adversarial and diffusion-
based training more effectively preserve realistic precipita-
tion variability and storm morphology by generating sharper
and less spatially smoothed precipitation structures. This be-
havior was consistent between the horizontal and vertical
directions, although autocorrelation decreased slightly more
rapidly in the vertical direction. Similar patterns were ob-
served for both downscaling factors, with somewhat larger
departures from the ERA5-Land distributions in the more
challenging 16× experiment (especially in the case of the
U-Net). Nevertheless, all models reproduced the dominant
spatial organization of precipitation fields, while WGAN and
DDPM provided a closer representation of the observed au-
tocorrelation decay and associated storm-scale structure.

5.2.4 Extreme precipitation and tail behavior

Extreme precipitation behavior was evaluated using ex-
ceedance probability distributions computed from all test
samples across all 10 independently initialized model real-
izations. The exceedance curves reveal that all models re-
produce the bulk precipitation distribution reasonably well,
with deviations becoming increasingly apparent toward the
upper tail (Fig. 7). For the 8× downscaling experiment, U-
Net, WGAN, and DDPM closely follow the ERA5-Land
exceedance distribution over most precipitation intensities
(Fig. 7a–c). Differences emerge primarily for rare events ex-
ceeding approximately 150 mmd−1, where U-Net exhibits
a slightly lighter tail than ERA5-Land, indicating a ten-
dency to suppress the most intense precipitation extremes.
WGAN more closely reproduces the target tail behavior,
while DDPM displays greater variability among realizations
and occasionally generates events exceeding the maximum
intensities observed in the target dataset.

The differences become more pronounced in the 16× ex-
periment. The U-Net consistently underestimates the most
intense events and exhibits the most rapid decline in the
precipitation intensities at the lowest exceedance probability
(Fig. 7d–f). WGAN better preserves the upper-tail structure
and generally remains closer to the ERA5-Land exceedance
distribution. DDPM produces the broadest range of tail be-
haviors and the largest inter-seed variability, with several re-
alizations generating substantially higher precipitation inten-
sities than those present in the target data. This indicates an
enhanced ability to generate rare extremes, although it may
also lead to occasional overestimation of upper-tail probabil-
ities. These results demonstrate a trade-off between smooth-
ness and extreme-event representation. U-Net provides the
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Figure 5. Comparison of precipitation statistics from high-resolution ERA5-Land reanalysis and model predictions for the 16× downscaling
experiment across U-NET, WGAN, and DDPM. Each panel compares reference statistics computed from native high-resolution ERA5-Land
fields (x-axis) with corresponding model predictions (y-axis), including dry-pixel probability (P0), mean, second L-moment, L-skewness,
and L-kurtosis. Multiple seed-based predictions are evaluated against the same reference samples, leading to repeated x-axis values. Bias
and RMSE are shown in each panel.

most conservative tail estimates, whereas WGAN and partic-
ularly DDPM better reproduce the variability and intensity
of rare precipitation events, with the differences becoming
increasingly evident in the more challenging 16× downscal-
ing experiment.

5.2.5 Composite diagnostics

The composite diagnostics provide a complementary evalu-
ation of scale-dependent structure, spatial agreement, event
detection, and perceptual similarity using ensemble statis-
tics derived from ten independently trained realizations for
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Figure 6. Distributions of horizontal and vertical spatial autocorrelation for lags 1–8 pixels for the ERA5-Land target fields and precipitation
fields generated by U-Net, WGAN, and DDPM. Results are aggregated across all test samples and across the 10 independently trained model
seeds for each method. Panels (a, b) correspond to the 8× downscaling experiment, while panels (c, d) correspond to the 16× downscaling
experiment.

each model (Fig. 8). These results, too, indicate that all
three models successfully reproduce the key spatial and sta-
tistical characteristics of precipitation over the independent
Northeast test region, although notable differences emerge
in their representation of fine-scale variability and precip-
itation extremes. The close agreement between model and
target power spectra (Fig. 8a), high FSS values across spa-
tial scales (Fig. 8b), and strong ROC performance (Fig. 8c)
demonstrate that all models capture the dominant spatial or-
ganization and occurrence patterns of precipitation. Further-
more, the limited spread among the individual seed realiza-
tions across these diagnostics suggests that the results are ro-
bust to model initialization.

Despite these overall similarities, systematic differences
become evident when examining the representation of spa-
tial variability and precipitation intensity distributions. As
shown in Fig. 8a, U-Net exhibits a reduction in spectral
power at smaller wavelengths, indicating smoother precipi-

tation structures and a loss of fine-scale variability relative
to the target fields. In contrast, WGAN and DDPM retain
more high-frequency variance and better reproduce small-
scale precipitation features. The superior wet-pixel classi-
fication skill of U-Net, reflected by its higher AUC values
in Fig. 8c, is consistent with its optimization toward pixel-
wise accuracy. However, this advantage does not necessarily
translate into a more realistic representation of precipitation
intensities. The Q–Q analysis (Fig. 8d) highlights the largest
differences among the models. For precipitation amounts ex-
ceeding 20 mmd−1, U-Net systematically underestimates the
upper quantiles, suggesting a tendency to smooth intense pre-
cipitation events. In comparison, WGAN and DDPM remain
closer to the 1 : 1 reference line across much of the dis-
tribution and produce heavier tails, indicating an improved
representation of moderate-to-extreme precipitation intensi-
ties. At the highest quantiles, both models exhibit increased
spread among seed realizations, reflecting greater uncertainty
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Figure 7. Exceedance probability curves for precipitation generated by U-Net, WGAN, and DDPM across 10 independent seed initializations
for the 8× (a–c) (top row) and 16× (d–f) (bottom row) downscaling experiments. The Target (ERA5-Land) distribution is shown in blue,
while other colored lines represent individual seed realizations. Exceedance probability is displayed on a logarithmic scale to highlight
differences in the upper tail of the precipitation distribution.

in the simulation of rare extreme events. All models exhibit
high sample-wise structural similarity index (SSIM) values,
particularly for the 8× downscaling experiment. SSIM de-
creases for the more challenging 16× downscaling task,
although median values remain above 0.95 for all model
classes (Fig. S7). Overall, these results further emphasize
that WGAN and DDPM achieve a more realistic represen-
tation of fine-scale spatial variability and high-intensity pre-
cipitation.

5.2.6 Stochastic variability and uncertainty

The comparison between within-seed and across-seed en-
sembles shows that both sources of variability affect the sim-
ulated precipitation distribution, but across-seed variability is
consistently larger. This distinction is most evident in the ex-
ceedance probability curves (Fig. 9b1 and b2). Within-seed
realizations remain relatively clustered at moderate thresh-
olds but begin to diverge in the upper tail, particularly beyond
approximately 150 mmd−1. In contrast, across-seed ensem-
bles show a broader spread even at lower precipitation thresh-
olds, and this spread increases further toward the most ex-
treme events. This indicates that stochastic sampling within a
fixed trained model contributes to tail uncertainty, but differ-
ences among independently trained model initializations pro-
duce a stronger and more persistent variability. The lagged

spatial autocorrelation characteristics were highly consistent
across independent model initializations (Fig. S8), indicat-
ing that the learned spatial dependence structure is robust to
training variability. Although the spread among realizations
increased slightly at larger lags, particularly for DDPM, the
median correlations remained stable across seeds and closely
followed the target spatial autocorrelation decay.

For spatial autocorrelation (Fig. 9a1 and a2) and radial
power spectra (Fig. 9c1 and c2), the contrast between within-
seed and across-seed behavior is less pronounced. Both en-
semble configurations show broadly similar spatial depen-
dence and spectral characteristics, suggesting that the learned
spatial organization is relatively stable. Nevertheless, the
across-seed boxplots show slightly larger dispersion at longer
spatial lags, indicating that model initialization also affects
spatial dependence, although less strongly than it affects pre-
cipitation extremes. These results suggest that uncertainty
in generated precipitation fields is metric dependent. Spatial
structure is comparatively robust to both stochastic sampling
and independent model initialization, whereas distributional
tail behavior is more sensitive, with across-seed variability
representing the dominant source of uncertainty.
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Figure 8. Comparison of U-Net, WGAN, and DDPM performance over the independent Northeast test region at 16× super-resolution.
(a) Radial power spectra showing the distribution of spatial variance across wavelengths relative to the target (ERA5-Land) fields. (b) Frac-
tions Skill Score (FSS) as a function of spatial window size. (c) Receiver Operating Characteristic (ROC) curves for wet-pixel classification,
with inset values showing the mean± standard deviation of the Area Under the Curve (AUC) across ten independent model initializations.
(d) Quantile–Quantile (Q–Q) comparison between model and target precipitation quantiles for precipitation amounts exceeding 20 mmd−1.
Colored lines represent individual model initializations, and the dashed line in (d) denotes perfect agreement (1 : 1 relationship).

5.2.7 Temporal correlation

Although the downscaling models were trained indepen-
dently on daily precipitation fields without explicit tempo-
ral constraints, they reproduce the observed temporal de-
pendence structure reasonably well. As shown in Fig. 10a,
all three models capture the overall distribution of pixel-
wise temporal correlation across lags 1–5 d, with median val-
ues closely matching those of the target (ERA5-Land). The
strongest persistence is observed at lag 1, followed by a rapid
reduction in autocorrelation at longer lags, consistent with
the temporal behavior of the target precipitation fields.

Differences among the models become more apparent in
the bias and RMSE statistics (Fig. 10b and c). WGAN and
DDPM exhibit near-zero bias across most temporal lags, in-
dicating that they reproduce the mean temporal correlation
structure of the target data with high fidelity. In contrast, U-
Net slightly overestimates persistence at lag 1 and marginally
underestimates correlations at longer lags. Despite this bias
pattern, U-Net achieves the lowest RMSE across all lags, in-

dicating the closest overall agreement with the target tem-
poral correlations. This may reflect the more deterministic
and spatially smoother nature of U-Net predictions, whereas
the additional variability introduced by WGAN and DDPM
to better represent spatial structure and extremes results in
slightly larger temporal-correlation errors while remaining
nearly unbiased. Nevertheless, these differences are modest,
and all three models successfully reproduce the observed de-
cay of temporal correlation with increasing lag. The RMSE
values decrease substantially from lag 1 to lag 3 before
stabilizing at longer lags (Fig. 10c), indicating that model
differences are most pronounced in the representation of
short-term persistence. These findings suggest that the spa-
tial downscaling models preserve much of the temporal cor-
relation structure present in the target data, despite not being
explicitly trained to model temporal evolution. This provides
additional evidence that the generated precipitation fields re-
main physically consistent not only in their spatial character-
istics but also in their short-term temporal dependence.

Geosci. Model Dev., 19, 7545–7567, 2026 https://doi.org/10.5194/gmd-19-7545-2026



S. Singh et al.: Comprehensive inter-comparison of generative AI models 7561

Figure 9. Within-seed and across-seed variability of U-Net, WGAN, and DDPM predictions over the independent Northeast test region
at 16× super-resolution. Panels (a1) and (a2) show boxplots of horizontal spatial autocorrelation at lags 1–8 pixels, where within-seed
variability is estimated from multiple stochastic realizations generated by a single trained model and across-seed variability is estimated from
independently trained model initializations. Panels (b1) and (b2) present exceedance probability curves as a function of precipitation threshold
(mmd−1), illustrating variability in the representation of moderate-to-extreme precipitation intensities. Panels (c1 and c2) show radial power
spectra describing the distribution of spatial variance across wavelengths. Left-column panels correspond to within-seed variability and
right-column panels correspond to across-seed variability.

5.3 Sensitivity of DDPM to diffusion length

To evaluate the computational efficiency of the DDPM
framework, we examined the sensitivity of model perfor-
mance to the number of reverse-diffusion inference steps. In
addition to the baseline configuration using T = 500 diffu-
sion steps, inference was performed using reduced diffusion
lengths of T = 100 and T = 50 (Figs. S9 and S10). The re-
sulting precipitation fields were evaluated using spatial au-
tocorrelation, exceedance probability distributions, quantile–

quantile (Q–Q) relationships, and radial averaged power
spectra (Figs. 11 and S11).

Reducing the diffusion length from T = 500 to T = 100
produces only minor changes in the generated precipitation
fields. Spatial autocorrelation distributions remain nearly
identical, indicating that large-scale spatial organization is
preserved despite the shorter reverse-diffusion process. Ex-
ceedance probability distributions and Q–Q relationships
also show substantial overlap, with only modest increases
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Figure 10. Temporal correlation characteristics of U-Net, WGAN, and DDPM evaluated using 1000 consecutive precipitation samples from
the Northeast test region without wet-day filtering. (a) Distribution of pixel-wise temporal correlation coefficients at lags 1–5 d for the target
(ERA5-Land) and model-generated precipitation fields. (b) Bias of temporal autocorrelation relative to the target as a function of temporal
lag. (c) RMSE of temporal correlation relative to the target as a function of temporal lag. Temporal correlation was computed independently
at each grid cell using lagged correlations between daily precipitation time series.

in variability among seeds at the highest precipitation inten-
sities. Similarly, the power spectra closely match those ob-
tained using T = 500, demonstrating that the representation
of spatial variability across scales is largely unaffected by
this reduction in inference steps.

In contrast, a further reduction from T = 100 to T = 50 re-
sults in noticeably larger deviations from the Target (ERA5-
Land) statistics. While the spatial autocorrelation and spec-
tral characteristics remain broadly similar, the exceedance
probability distributions exhibit substantially greater spread
among seed realizations and increasingly divergent behavior
in the upper tail. The Q–Q relationships likewise show larger
departures from the one-to-one line at high quantiles, indicat-
ing reduced stability in the representation of extreme precip-
itation events. Several T = 50 realizations generate substan-
tially higher precipitation intensities than those observed in
the target dataset, suggesting an increased tendency to over-
estimate rare extremes. These results indicate that DDPM
performance is relatively insensitive to moderate reductions
in diffusion length, with T = 100 retaining most of the statis-
tical and spatial characteristics obtained using T = 500 while
reducing computational cost by approximately a factor of
five. However, further reduction to T = 50 leads to measur-
able degradation in the representation of precipitation ex-
tremes.

6 Conclusions

This study presented a comprehensive intercomparison of
three deep learning architectures, namely a convolutional U-
Net, a WGAN, and a DDPM, for statistical precipitation
downscaling at 8× and 16× super-resolution factors. Mod-
els were trained over the Central Plains and Northwest re-
gions and evaluated over an independent Northeast test do-

main, providing a rigorous assessment of cross-regional gen-
eralization under realistic out-of-sample conditions. All three
models successfully captured the large-scale spatial organi-
zation and bulk precipitation statistics of the ERA5-Land tar-
get fields, demonstrating that deep learning approaches can
effectively transfer learned downscaling relationships to un-
seen geographic domains. However, systematic differences
emerged in their ability to represent fine-scale variability,
precipitation extremes, spatial dependence structure, and pre-
dictive uncertainty, all of which are critical dimensions for
downstream climate impact applications.

The U-Net, the baseline model in this study, consistently
produced the smoothest precipitation fields and achieved
strong performance in wet–dry discrimination and precip-
itation occurrence. These characteristics, however, came at
the cost of drastically underestimated spatial variability, sup-
pressed precipitation extremes, and overestimated spatial au-
tocorrelation. These limitations are well-documented in de-
terministic regression-based downscaling frameworks and
reflect the inherent smoothing tendency of mean squared er-
ror optimization. The two generative frameworks, WGAN
and DDPM, substantially outperformed U-Net in reproduc-
ing precipitation distributions, higher-order statistical mo-
ments, and spatial structure. The WGAN demonstrated par-
ticularly strong fidelity in capturing exceedance probabilities
and the full precipitation intensity spectrum, while maintain-
ing a favorable computational cost relative to the DDPM. The
DDPM, by contrast, most faithfully reproduced the target
spatial autocorrelation decay and spectral energy distribution
across spatial scales and uniquely provided stochastic ensem-
ble realizations that quantify uncertainty in the downscaling
process, a capability that is more naturally represented within
the probabilistic sampling framework of DDPM than in U-
Net and WGAN.
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Figure 11. Comparison of DDPM predictions generated using 500 and 100 denoising steps for 16× precipitation downscaling across ten
independently trained seeds. Panels show (a) horizontal spatial autocorrelation, (b) vertical spatial autocorrelation, (c) exceedance probability
for precipitation intensities exceeding 10 mmd−1, and (d) quantile–quantile (Q–Q) relationships relative to Target (ERA5-Land). Boxplots
in (a, b) summarize the distribution of spatial correlations across all test samples, while panels (c, d) display individual seed realizations
as separate lines. The Target (ERA5-Land) distribution is shown in cyan, DDPM T = 500 in pink, and DDPM T = 100 in purple. The
comparison assesses the sensitivity of spatial dependence and precipitation statistics to the number of diffusion inference steps.

A key finding of this study concerns the sources of un-
certainty in generative downscaling systems. Analysis of
within-seed and across-seed variability revealed that differ-
ences arising from independent model initializations consis-
tently exceeded variability associated with repeated stochas-
tic generations from a single trained model. This result has
important practical implications. Single-seed model assess-
ments risk underestimating true model uncertainty, and ro-
bust evaluation of generative downscaling systems should in-
corporate multi-seed training ensembles alongside stochastic
sampling. This finding also suggests that the stochastic di-
versity of DDPM realizations, while valuable, does not fully
capture the epistemic uncertainty inherent in the training pro-
cess itself.

Sensitivity experiments demonstrated that DDPM perfor-
mance is relatively robust to moderate reductions in the
number of reverse-diffusion steps. Reducing the step count

from T = 500 to T = 100 produced only minor degradation
in precipitation statistics and spatial structure, whereas fur-
ther reduction to T = 50 led to more noticeable deterioration
in extreme precipitation representation and increased inter-
seed variability. These results identify T = 100 as an effec-
tive operational compromise between physical fidelity and
computational efficiency, a finding with practical relevance
for ensemble-based downscaling applications requiring large
numbers of realizations.

Overall, the results of this study demonstrate that the
choice of downscaling architecture involves non-trivial trade-
offs among statistical accuracy, spatial realism, uncertainty
quantification, and computational cost. Both WGAN and
DDPM substantially outperform the deterministic U-Net
across many of the evaluated diagnostics and exhibit broadly
comparable performance in reproducing precipitation statis-
tics, spatial dependence, and higher-order distributional char-
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acteristics. While DDPM occasionally provides modest im-
provements in spatial structure and offers a native framework
for probabilistic ensemble generation, these gains are gener-
ally small relative to its substantially greater computational
cost. Consequently, WGAN represents an attractive balance
between performance and efficiency, whereas DDPM may
be preferable when explicit uncertainty quantification and
ensemble-based probabilistic predictions are primary objec-
tives. These results suggest that the optimal model choice
depends on the specific application requirements and the rel-
ative importance of computational efficiency versus proba-
bilistic information.

Some limitations should be acknowledged. The models
were trained and evaluated using ERA5-Land as the high-
resolution reference, which, although widely used, remains a
reanalysis product rather than a direct observational dataset.
The analysis was also restricted to precipitation, and the
relative advantages of generative approaches remain to be
shown in multivariate downscaling problems involving addi-
tional variables. Furthermore, the models did not explicitly
incorporate physiographic information such as topography
and land-surface characteristics, which may influence perfor-
mance in regions where terrain strongly affects precipitation
patterns. The architectures evaluated here should be viewed
as representative implementations rather than fully optimized
models. In particular, the baseline model U-Net employed a
conventional MSE objective, whereas precipitation fields ex-
hibit intermittency, skewness, and heavy-tailed behavior that
may be better represented by distribution-aware loss func-
tions (e.g., Tweedie, quantile-based, or probabilistic objec-
tives; Hunt, 2026; Rastogi et al., 2025). Finally, all exper-
iments were conducted under historical climate conditions,
and the robustness of these approaches under future climate
states and associated distributional shifts remains an impor-
tant area for future investigation.

Future work should address these limitations progres-
sively. Evaluating model performance against observation-
based targets, incorporating physiographic conditioning vari-
ables, and extending the framework to multivariate down-
scaling problems are all important near-term directions. Fur-
ther research should also explore the sensitivity of conclu-
sions to architectural design choices, loss functions, data
transformations, and conditioning strategies. Assessing ro-
bustness under future climate conditions will likely require
complementary approaches such as domain adaptation, phys-
ically informed constraints, and hybrid frameworks that com-
bine the flexibility of generative deep learning with the dy-
namical consistency of process-based climate models. Over-
all, the results demonstrate that generative approaches, par-
ticularly WGANs and DDPMs, offer substantial advantages
over conventional deterministic downscaling for reproduc-
ing precipitation variability, extremes, and uncertainty, while
also highlighting the importance of evaluating model per-
formance across multiple complementary diagnostics rather
than relying on a single metric.
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