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Key Points

» We present a prototype converting seasonal forecasts into probabilistic hydropower indicators
for regional resource-adequacy planning.

* FNO downscaling lowers monthly spatially averaged errors versus bicubic interpolation, linear
scaling, and quantile mapping.

» Hydropower-generation CRPSS is 0.25-0.33 at one month; several snow- and melt-season

medians approach or fall below zero by month four.

Plain Language Summary

Seasonal hydropower information can help power-system planners anticipate departures from
normal hydropower availability and manage regional resources and costs. We developed a

prototype that converts seasonal climate forecasts into probabilistic monthly hydropower
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indicators across the contiguous United States by combining machine-learning downscaling,
runoff prediction, river routing and water-management modeling, and a statistical generation
model. Tests for 2011-2020 showed that the downscaling method reduced average climate-forcing
error relative to simpler approaches, although errors remained in complex terrain. Runoff and
streamflow checks indicated that uncertainty arises from multiple stages of the modeling chain.
Regional hydropower forecasts generally improved on climatology at one month, but skill
weakened with lead and varied by region and season. The framework is intended for regional
probabilistic resource-adequacy planning rather than plant-level operations because it does not

represent plant-specific submonthly operations and constraints.

Abstract

Seasonal hydropower forecasts can inform power-system resource adequacy, but uncertainty
propagates through climate, hydrologic, routing, water-management, and generation components.
We develop a regional planning prototype linking North American Multi-Model Ensemble
seasonal forecasts, Fourier Neural Operator (FNO) downscaling, an uncertainty-aware long short-
term memory runoff model based on Uncountable Mixtures of Asymmetric Laplacians (UMAL-
LSTM), MOSART-WM routing and water management, and plant-level autoregressive generation
estimates. During 2011-2020, FNO reduced monthly spatially averaged mean absolute error
relative to the best non-FNO baseline by 13.0% for precipitation, 16.3% for temperature, and 6.2%
for wind speed, although residual biases and complex-terrain errors remained. Runoff evaluation
showed broad skill relative to the GRFR reanalysis target; independent streamflow and controlled-
forcing checks indicated substantial spatial heterogeneity and contributions from both

meteorological downscaling and hydrologic-model limitations. Regional hydropower-generation
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CRPSS was approximately 0.25-0.33 at a one-month lead. Skill declined with lead and varied by
region and season; by month four, several snow- and melt-season regional CRPSS values
approached or fell below zero. The framework provides probabilistic hydropower indicators for
regional resource-adequacy planning, but it is not a plant-operations model because it does not
explicitly represent plant-specific submonthly constraints, flood-control optimization, turbine

release versus spill, dynamic hydraulic head, market dispatch, or changing operating priorities.

1. Introduction

Hydropower plays a pivotal role in the U.S. energy portfolio. Hydropower generates
approximately 6.5% of the nation’s electricity, with significantly higher contributions in certain
regions, such as the Pacific Northwest. In energy markets where generators commit to power
delivery months in advance, reliable seasonal forecasts of water availability become crucial for
hydropower producers [Aasgard et al., 2019; De Silva et al., 2022]. These forecasts inform
estimates of potential energy generation over the coming season (e.g., anticipating spring
snowmelt runoff or summer low-flow periods) [Hamlet et al., 2002]. This predictive insight
directly influences the volume and pricing of long-term contracts that hydropower operators can
confidently commit to [Gaudard et al., 2016]. Furthermore, seasonal flow forecasts are essential
inputs for resource adequacy assessments performed by grid operators and planners [Sun et al.,
2022]. These assessments aim to ensure sufficient generation capacity will be available to meet
projected electricity demand over specific future seasons (e.g., assessing resources for anticipated
summer peak loads or winter heating demands). However, the inherent uncertainty in predicting
water availability for hydropower months in advance, driven by natural climate variability and
potential shifts in hydrological regimes influenced by factors such as topography, climate, and land

characteristics, complicates this planning process [Schaefli, 2015; Stephens et al., 2021].
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Developing accurate and reliable seasonal water availability forecasts that can be applied to
forecast hydropower potential presents multi-dimensional challenges. While significant
investments have improved shorter-term weather-driven forecasts, accurately predicting
streamflow over seasonal timescales remains challenging [Yuan et al., 2015; Troin et al., 2021].
In this direction, the North American Multi-Model Ensemble (NMME) provides a standardized
suite of coupled ocean—atmosphere forecasts at monthly time steps, extending out to a 12-month
lead time [Kirtman et al., 2014]. While weather prediction skill is poor at these forecast horizons
[Mazrooei et al. 2015], skillful hydrologic predictions are feasible several months in advance due
to the large-scale climate oscillations (eg, ENSO, PDO) and the integrative nature of hydrologic
basins [Wood et al. 2016, Konapala et al., 2020; Bracken et al, 2010, Pechlivanidis et al 2020].
However, the spatial resolution of the constituent models is relatively coarse, typically 1°-2°
latitude/longitude, and their native grid cells can span hundreds of square kilometers [Kirtman et
al., 2014]. Translating broad climate signals or outputs from numerical weather prediction (NWP)
models, which operate at coarser resolutions, into specific, actionable streamflow and hydropower
volumes for individual watersheds is complex [Broman et al. 2024, Turner and Voisin 2022].
Additionally, the hydrologic models needed to simulate watershed processes over seasonal
timescales are computationally intensive [Cosgrove et al., 2024]. Quantifying this uncertainty in
these seasonal hydropower forecasts, which is crucial for risk-based decision-making in both
contract negotiation and resource adequacy planning, further increases these computational
demands [Lu et al.,, 2022]. Therefore, continued advancements in seasonal forecasting
methodologies, including efficient modeling and robust uncertainty quantification, are critical to
support effective long-term hydropower contracting and ensure reliable and economical power

grid operations.
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Emerging machine learning techniques, particularly deep learning algorithms, offer promising
solutions to address the challenges of incorporating localized weather phenomena into coarse-
resolution numerical weather prediction (NWP) outputs through downscaling approaches [Rolnick
et al. 2019]. Statistical downscaling of climate data using deep learning has attracted much
attention over the last few years. As convolutional neural networks [Vandal et al. 2017] and
generative adversarial networks [Leinonen et al. 2020] are popular architecture choices for super-
resolution images, their variants have become a natural choice for downscaling climate variables.
However, Fourier neural operators have recently shown remarkable performance in downscaling
meteorological variables with high computational efficiency [ Jiang et al., 2023; Yang et al., 2023].
These networks leverage the Fourier transform to capture and represent the frequency components
of climate data, enabling efficient and accurate downscaling.

Similarly, Deep Learning algorithms, particularly Long Short-Term Memory (LSTM) algorithms,
have successfully modeled the relationship between meteorological variables and runoff [Kratzert
et al. 2018]. LSTMs are designed to capture long-term dependencies in sequential data and offer a
computationally efficient alternative for operational settings, thanks to their relatively low
inference cost [Kratzert et al. 2019]. LSTMs are well-suited for modeling temporal sequences
inherent in hydrological processes, such as precipitation-runoff relationships and streamflow
patterns. However, accurately representing predictive uncertainty remains a challenge for reliable
decision-making. Uncountable Mixtures of Asymmetric Laplacians (UMAL) within the Mixture
Density Networks (MDNs) framework provide a model-agnostic approach to quantifying
predictive uncertainty for any regression model, including LSTMs [Brando et al. 2022]. Instead of
single-value predictions, UMAL estimates the conditional probability distribution of the target

variable, given the input. Using Asymmetric Laplacian Distributions (ALDs) allows for modeling
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skewed or non-Gaussian error distributions often observed in hydrology, and the "uncountable"
mixture removes the need to predefine mixture components. This flexibility enhances UMAL's
ability to capture the full range of uncertainty associated with LSTM outputs in hydrological
applications [Klotz et al., 2022].

Building on these methods, we develop the workflow in Figure 1 to translate coarse seasonal
meteorological forecasts into probabilistic monthly hydropower estimates. The NMME CanESM5
hindcasts are downscaled to 0.1° using FNO trained against MSWX [Beck et al., 2022].
Downscaled meteorology drives a UMAL-LSTM trained against Global Reach-level Flood
Reanalysis (GRFR) runoff [Yang et al., 2021], and a seasonal Schaake Shuffle restores spatial and
seasonal dependence. MOSART-WM then routes daily runoff and applies large-scale water-
management representations to produce monthly inflow, outflow, and storage at hydropower
facilities. A plant-level autoregressive model [Bracken et al., 2025] translates those predictors and
their annual lags into ensemble generation forecasts at leads of one to four months. The evaluation
separates component tests from the end-to-end hydropower assessment so that evidence from a
reanalysis target, in-situ observations, and controlled forcing experiments is not conflated.
Section 2 describes the four model components and their data. Section 3 defines the common
downscaling baselines, runoff and streamflow tests, controlled forcing experiment, and
hydropower metrics. Section 4 reports component and end-to-end results, including seasonal
diagnostics. Section 5 states the limitations relevant to operational interpretation, and Section 6

summarizes the conclusions.
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FRAMEWORK TRAINING HYDROPOWER FORECAST EVALUATION
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Figure 1: Hydropower Forecasting System Architecture. Left: training of the meteorological

downscaling, hydrological, and hydropower components. Right: application in forecast mode.

2. Modeling Framework and Data

The workflow comprises four connected components (Figure 1): (1) FNO meteorological
downscaling from the NMME CanESMS hindcasts to 0.1°; (2) probabilistic runoff modeling with
UMAL-LSTM and a seasonal Schaake Shuffle; (3) river routing and large-scale water
management with MOSART-WM; and (4) plant-level monthly hydropower prediction with an
autoregressive model. Each component has a distinct input, calibration target, and evaluation data

set, as described below.



144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

manuscript submitted to water resources research

2.1 Meteorological Downscaling With a Fourier Neural

Operator

For meteorological downscaling, we use precipitation, mean temperature, and the u- and v-
components of wind from the Canadian Earth System Model version 5 (CanESMS5) hindcasts
distributed through the North American Multi-Model Ensemble (NMME) [Kirtman et al., 2014].
MSWX [Beck et al., 2022] provides the 0.1° training and evaluation target. MSWX combines
ERAS reanalysis with monthly 0.1° reference climatologies derived partly from CHELSA (1979—
2013). NMME and MSWX monthly data span 1990-2020. Because MSWX is both the calibration
and evaluation target, the experiment measures consistency with MSWX rather than independence
from biases in its fixed historical reference climatology; operational use under a changing climate

would require periodic evaluation against updated station-based observations.

6 layers
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Figure 2: Fourier Neural Operator (FNO) for Meteorological Downscaling. a) End-to-end
downscaling framework showing coarse-resolution inputs (left)) FNO architecture with

embedding, six-layer network of channel and spatial mixing, and decoder (center), and resulting
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high-resolution outputs (right). b) Core spatial mixing mechanism featuring Fast Fourier
Transform (FFT), learnable transformation R, inverse FFT, residual connection W, and
subsequent normalization and activation.

The four monthly NMME variables, precipitation, mean temperature, u-wind, and v-wind, are
dynamic inputs. Ten ensemble members are first resampled to the 0.1° MSWX grid, and MERIT
DEM elevation [Yamazaki et al., 2019] is included as a static predictor. Inputs and targets are
normalized using training-period means and standard deviations. Because MSWX supplies scalar
wind speed rather than separate directional components, wind speed is the target for the wind
model. Separate FNO models are trained for precipitation, mean temperature, and wind speed. The
Fourier layers operate globally in spectral space, allowing each layer to represent long-range
atmospheric and topographic dependencies more efficiently than a local convolution with a
comparable receptive field [Li et al., 2021].

As illustrated in Figure 2a, our downscaling framework processes coarse-resolution
meteorological inputs (air temperature, wind speed, and precipitation) through a sophisticated
neural architecture. The FNO implementation consists of an embedding layer that processes the
input variables, followed by six specialized layers that alternate between channel- and spatial-
mixing operations. Channel mixing accounts for interactions among meteorological variables,
while spatial mixing captures geographical dependencies. A decoder transforms the processed
features into high-resolution (0.1-degree) outputs that accurately represent fine-scale spatial
patterns. The core of our approach is the spatial mixing mechanism detailed in Figure 2b. This
component implements the Fourier Neural Operator by first applying the Fast Fourier Transform
(FFT) to convert spatial data into the frequency domain. A learnable transformation is then applied

to these frequencies, enabling the network to selectively modify different frequency components.
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The inverse FFT (FFT') returns the data to the spatial domain. A residual connection adds the
original input to preserve important features, followed by addition, normalization, and activation
functions. This mechanism efficiently captures local patterns and long-range dependencies in
meteorological fields, yielding physically consistent downscaled outputs that maintain appropriate
spatial correlations across the domain.

The embedding layer in our architecture plays a crucial role in harmonizing the different input
variables (Prcp, Tmean, UWind, and VWind) and transforming them into a common latent
representation with the appropriate dimensionality for subsequent processing. This initial
transformation enables the network to effectively leverage complementary information across
various meteorological variables. The six-layer structure was determined through extensive
experimentation to strike a balance between computational efficiency and model expressiveness.
Each channel mixing layer comprises multiple fully connected neural networks that operate
independently at each spatial location, enabling complex nonlinear transformations of features
across meteorological variables. The spatial mixing layers, implemented using the Fourier
mechanism, are particularly advantageous for meteorological downscaling because they can
capture local weather patterns influenced by topography and large-scale atmospheric circulation.
The models use grid-based mean squared error during training. Historical data from the 10 NMME
ensemble members for 1990-2010 form the training set, and ensemble-mean hindcasts for 2011—
2020 form the held-out test set against MSWX. Models are trained for 100 epochs, and the epoch
with the lowest validation MAE is retained. The same 2011-2020 months and MSWX target are

used for all baseline comparisons described in Section 3.1.
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2.2 Probabilistic Runoff Modeling With UMAL-LSTM

We implemented an uncertainty-aware LSTM network that combines the strengths of sequence
modeling with probabilistic forecasting to predict daily gridded runoff from monthly
meteorological variables. Our approach uses Uncountable Mixtures of Asymmetric Laplacians
(UMAL) to quantify predictive uncertainty in LSTM outputs [Brando et al., 2019], yielding
comprehensive probabilistic forecasts rather than deterministic predictions. The UMAL-LSTM
approach offers several advantages for hydrological forecasting. First, it captures the inherent
asymmetry in runoff distributions, where extreme events, such as floods, tend to create right-
skewed distributions. Second, it provides complete predictive distributions rather than point
estimates, enabling quantification of prediction uncertainty [Klotz et al., 2022].

The input dataset consisted of downscaled monthly time series of meteorological variables
(precipitation, temperature, wind) and elevation data at 0.1-degree resolution. The target data is
the GRFR gridded daily runoff data resampled to the same 0.1-degree resolution. The LSTM
formulation [Brando et al.,, 2019], as implemented in our framework, is provided in the
supplementary material (S1). To extend this architecture for uncertainty quantification, we
implement the UMAL approach that models the conditional distribution of runoff given
meteorological inputs. Instead of directly outputting a deterministic prediction, the final layer of
our network parameterizes a mixture of asymmetric Laplacian distributions:

pIx) = Tiea" mi(x) - AL(yIwi(x), 03(x), Ti(x)) (1)

Where M is the number of mixture components, m; are mixture weights, and each asymmetric
Laplacian component AL has location parameter |, scale parameter o;, and asymmetry parameter

1i. These parameters are all functions of the input meteorological variables that the network has
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learned. We trained the model using data from 1990 to 2010, utilizing GRFR gridded runoff data
at a monthly scale, and validated its performance from 2011 to 2020.

Ensemble runoff forecasts generated by neural networks or processed for probabilistic bias
corrections, while capturing forecast uncertainty through multiple realizations, suffer from spatial
decorrelation artifacts that degrade the spatial coherence needed for streamflow applications [Clark
et al., 2004; Voisin et al., 2011; Schefzik et al., 2013]. The Schaake Shuffle [Clark et al., 2004]
addresses this limitation by reordering ensemble forecasts to match the spatial and temporal
dependence structures found in historical observations. The Schaake Shuffle differs from empirical
copulas in that the multivariable dependence structure comes from observation instead of the raw
forecast for copulas. The Schaake Shuffle is a more accurate alternative when quality observed
datasets are available [Wilks 2015]. To balance computational efficiency with the preservation of
meaningful temporal correlations, we implement a seasonal Schaake Shuffle approach that
processes forecasts within climatologically coherent temporal windows. For our implementation,
we define four seasons as winter (December, January, February), spring (March, April, May),
summer (June, July, August), and Fall (September, October, November). The implementation
details and the corresponding performance are provided in the supplemental material (S2) and

Supplementary Figure S1.

2.3 River Routing and Water Management

The ensemble gridded runoff estimates are routed daily with mosartwmpy [Thurber et al., 2021],
a Python implementation of MOSART-WM. MOSART-WM routes surface and subsurface runoff
through hillslopes, tributaries, and main channels in a hierarchical river network [Li et al., 2013;
Voisin et al., 2013]. It represents reservoir storage and releases and sectoral water withdrawals and

allocation using generic and data-driven large-scale operating rules and updated reservoir data sets
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[Voisin et al., 2013, 2017; Turner et al., 2021, 2022]. The configuration includes more than 1,800
reservoirs. Outputs used by the hydropower model, regulated plant-level inflow, outflow, and
storage, are aggregated from daily to monthly resolution.

The reservoir operating rules are not dynamically re-optimized using the seasonal forecast.
Releases depend on initial storage, prescribed operating priorities, expected seasonal inflow,
downstream demand, and observed operating behavior where available [Turner et al., 2021;
Broman et al., 2024]. Daily releases and withdrawals are adjusted for maximum-storage and
minimum-flow constraints. These representations capture large-scale water management but do
not constitute plant-specific, forecast-informed optimization. In particular, the setup does not
optimize individual flood-control rule curves or explicitly label each release as turbine flow or

spill; unusual events or changed policies may therefore not be reproduced.

2.4 Plant-Level Hydropower Model

The final component is a plant-level monthly autoregressive model trained against historical
hydropower generation from the HydroWIRES B1 data set [Bracken et al., 2024; Turner et al.,
2022]. It relates generation to MOSART-WM inflow, outflow, storage, and annual lag terms. This
is a statistical translation of regulated hydrology into generation, not a plant-dispatch or hydraulic
simulation.
Py = PBp1Pr+ -+ BpnPy +
Bo,00¢ + B0,10t-1 ..+ Bonhy +
Brole + Brale-1 .+ Braln +

BsoSt + Bs1St—1 -t PsnSn + & (2)
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In Equation (2), hydropower generation at month t is related to MOSART-WM outflow (O), inflow
(I), storage (S), and the specified autoregressive terms. Regression parameters are estimated by
ordinary least squares with constraints intended to preserve physical consistency, and a 12-month
lag represents recurring annual patterns. Storage is therefore an empirical predictor of generation;
the model does not convert storage to reservoir elevation or hydraulic head and does not apply a
plant-specific turbine-efficiency curve. At continental scale, translating reservoir storage into
water-surface elevation and then time-varying hydraulic head, including forebay and tailwater
conditions, remains limited by sparse reservoir-geometry, elevation, and tailwater records [Gao et
al., 2012; Hansen et al., 2022]. The model also does not optimize forward release schedules or
represent submonthly electricity prices, planned or unplanned outages, infrastructure retrofits,
operator forecasts, changing water-use priorities, basin-specific regulation, or non-stationary rule
curves. The split sample uses 1990-2012 for parameter estimation and 2013-2019 for validation,

reflecting the availability of historical plant-level generation data [Bracken et al., 2025].

3. Evaluation Design

The evaluation follows the modeling chain and addresses three questions: whether FNO improves
upon simple spatial and statistical downscaling baselines; whether UMAL-LSTM runoff is skillful
against GRFR and how the resulting routed and managed streamflow from
mosartwmpy/MOSART-WM compares with in-situ USGS observations when the downscaling
step is included or removed; and whether end-to-end hydropower skill remains useful across
regions, seasons, and leads of one to four months. Component-specific periods reflect data

availability and are stated with each test.
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3.1 Meteorological Downscaling Evaluation

FNO is compared with three common benchmarks using the same 2011-2020 test months,
ensemble-mean NMME inputs, 0.1° grid, and MSWX target. Bicubic interpolation is a purely
spatial resampling benchmark; linear scaling adjusts the mean climatology; and quantile mapping
adjusts the modeled empirical distribution toward the reference distribution. For precipitation,
temperature, and wind speed, we calculate monthly spatially averaged mean absolute error (MAE)
and bias (Equations 3—4) and temporally averaged grid-cell maps. These paired comparisons test

error reduction and residual bias separately.

BlaS — EyFNO_yObS (4)

Where ypyo represents the FNO downscaled values of the ensemble means, y, ;¢ represents the
MSWX reference values, and n is the number of observations.

To provide a comprehensive assessment, these metrics are analyzed from both a temporal and
spatial perspective. We evaluate the temporal evolution of error by computing the spatially
averaged MAE and Bias for each month during the validation period (2011-2020). Additionally,
we analyze the spatial distribution of error by computing the temporally averaged MAE and Bias

for each 0.1° grid cell, allowing for the identification of regional performance patterns.

3.2 Runoff and Streamflow Evaluation

Runoff is first evaluated against the GRFR training target over 2011-2020 to characterize model
consistency with the reanalysis product. Deterministic performance uses KGE of the 30-trace

ensemble median, and probabilistic performance uses CRPS, CRPSS relative to leave-one-year-
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out monthly climatology, and nCRPS. For this GRFR-based runoff analysis, domain-wide and
regional median KGE values are calculated from all grid cells. To evaluate the integrated UMAL-
LSTM-—mosartwmpy chain at the streamflow stage, we separately compare monthly MOSART-
WM streamflow with the supplied USGS observations for 2011-2019 at 695 plant—gauge
evaluation locations and report the complete USGS KGE distribution. The UMAL-LSTM
produces gridded runoff rather than streamflow, and no observations used here isolate its runoftf-
generation step. Both modeled and observed streamflow can reflect regulation and other
management influences; consequently, the USGS KGE represents integrated runoff-generation,
routing, and water-management performance rather than a direct evaluation of the UMAL-LSTM.
The detailed observational result and its figure are provided in Supporting Information Text S3
and Figures S2-S3.

For the gridded runoff evaluation against GRFR, deterministic UMAL-LSTM performance is
computed from the median of 30 traces using the Kling—Gupta efficiency metric. The KGE is

defined as:

KGE=1-(r—1)2+(a—1)2+ (B —1)2(5

Here r is the Pearson correlation between simulated and observed values, a is the ratio of simulated
to observed standard deviation (o = osim/cobs), and f is the ratio of simulated to observed mean
(B = psim/pobs). KGE = 1 indicates a perfect match. KGE < —0.41 indicates performance below
the benchmark obtained by using the observed mean as a constant prediction [Knoben et al., 2019].
For GRFR-based runoff, regional medians and distributions were calculated across the full
domain.

Probabilistic performance during the validation period is evaluated using the Continuous Ranked

Probability Score (CRPS) [Herbach 2000]. CRPS generalizes the mean absolute error to
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probabilistic simulations. For a deterministic simulation, which can be viewed as an ensemble with
a single member and zero spread, the CRPS is exactly equivalent to the Mean Absolute Error

(MAE). CRPS is computed as

1 1
CRPS = —3olx; — y| — = X0 XLo|xi — %1 (6)

Where m is the number of ensembles from UMAL-LSTM, x; is the gridded monthly averaged
runoff output of ensemble 1, and y is the corresponding output from GRFR data. The probabilistic
value of the runoff simulation is to be evaluated against an appropriate probabilistic benchmark,
namely a climatology ensemble based on the benchmark dataset. The CRPS Skill Score (CRPSS)
is computed (Equation 8). We define a climatology benchmark as the monthly value (runoff) over
the training and validation period, combined with leaving the validation period simulated year out.
The leave-one-year-out is critical for the CRPS, which penalizes heavily when the simulated value

is outside of the ensemble spread.

CRPSS = 1 — LEoumaL-LsT_ 7y
CRPSclim

KGE and CRPSS are computed at each grid cell over the 120 validation months. To diagnose input
versus hydrologic-model error, we repeat the evaluation with the same UMAL-LSTM driven
directly by 0.1° MSWX meteorology (the No-DS case) and calculate No-DS-minus-FNO
differences in both KGE and CRPSS. Positive differences indicate locations where removing the
downscaling step improves performance; negative differences show that direct MSWX forcing
does not improve the metric. The controlled-experiment details and spatial results are provided in
Supporting Information Text S4 and Figures S4-S5.

Additionally, to provide an operator-relevant metric, we provide the normalized Continuous

Ranked Probability Score (nCRPS), which is calculated by dividing the CRPS by the magnitude
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of the observed runoff at each grid and time point. This normalization approach enables fair
comparison of simulation skill across grids by providing a relative measure of the error. The

nCRPS is calculated as:

nCRPS = CRPS*100

8)

Rops

Where CRPS is the Continuous Ranked Probability Score calculated from the validation period,

and R, is the corresponding runoff value.

3.3 Hydropower Evaluation

Plant-level hydropower forecasts are evaluated against observation-based HydroWIRES B1
monthly generation [Bracken et al., 2024; Turner et al., 2022] using CRPSS and nCRPS for leads
of one to four months. Facility results are aggregated by North American Electric Reliability
Corporation (NERC) region. In addition to full-year summaries, the supplied seasonal diagnostic
groups months as NDJFM (snow season), AMJJ (melt season), and ASO (late-summer/early-fall
low-flow season). The ASO panel contains three lead months because of the seasonal window.
These diagnostics are used to limit conclusions about long-lead value to the regions and seasons
where skill remains above climatology. Facility-level seasonal spatial maps are provided in

Supporting Information Text S5 and Figures S6-S11.
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4. Results

4.1 Deterministic Meteorological Downscaling

4.1.1 Precipitation

Across the 2011-2020 test months, FNO has the lowest aggregate precipitation MAE (0.83)
compared with quantile mapping (0.95), linear scaling (1.08), and bicubic interpolation (1.25)
(Table 1; Figure 3a). This is a 13.0% reduction relative to the best non-FNO baseline, calculated
from unrounded values. FNO also has the smallest signed mean bias (+0.22) and mean absolute
monthly bias (0.24) among the four methods. The monthly bias curves still overlap and change
sign (Figure 3b), so the result should not be interpreted as uniformly unbiased downscaling.

The spatial distribution of precipitation errors (Figure 4a-b) reveals distinct regional patterns tied
to topographic and climatic complexity. The highest MAE values (exceeding 6 mm/day, shown in
dark red) are concentrated in the western mountainous regions, including the Cascade Range,
Sierra Nevada, and Rocky Mountains. This pattern reflects the well-documented challenge of
representing orographic precipitation processes in numerical models [Maraun et al., 2010]. The
southeastern United States also exhibits elevated errors, likely associated with convective
precipitation processes that are difficult to capture at monthly timescales. The spatial bias pattern
shows systematic regional tendencies: negative bias (blue regions) dominates the Pacific
Northwest, indicating consistent underestimation of precipitation in this wet region. In contrast,
positive bias (red regions) appears in parts of the southwestern and southeastern United States.
These patterns suggest that the FNO successfully learns regional climate characteristics but

struggles with extreme precipitation gradients.
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Spatially averaged error timeseries (2011-2020 test period)
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397  Figure 3. Common-period comparison of meteorological downscaling methods, 2011-2020.

398  Monthly spatially averaged MAE (left) and bias (right) against MSWX for precipitation (a—b),
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Figure 4: Spatial Distribution of Meteorological Downscaling Errors (2011-2020). Maps
showing the temporally averaged spatial distribution of downscaling performance metrics
across the continental United States for the validation period. Left panels (a, c, e) display Mean
Absolute Error (MAE), and right panels (b, d, f) show bias for precipitation, temperature, and

wind speed downscaling, respectively.

4.1.2 Temperature

For temperature, FNO has the lowest aggregate MAE (1.89), compared with 2.26 for quantile
mapping, 2.65 for linear scaling, and 3.02 for bicubic interpolation (Table 1; Figure 3c), a 16.3%
reduction relative to the best non-FNO baseline, calculated from unrounded values. The bias result
is more nuanced: quantile mapping has a slightly smaller signed mean bias (+0.10 versus +0.11
for FNO) and mean absolute monthly bias (0.50 versus 0.54). Thus, FNO's temperature advantage
is in MAE and does not extend to every bias metric; the shared seasonal warm and cold excursions
in Figure 3d remain.

Spatially, temperature MAE (Figure 4c) shows the highest errors in northern regions and complex
terrain areas, with values exceeding 1 °C in parts of the northern Great Plains and mountainous
regions. Including elevation as a static input variable effectively captures topographic-temperature
effects, as evidenced by generally lower errors across most terrain-following patterns. The
temperature bias map (Figure 4d) reveals a distinct north-south gradient, with cold bias (blue) in
the north and warm bias (red) in the south. This pattern suggests that the model may not fully
capture continental-scale temperature gradients, possibly related to inadequate representation of

seasonal snow cover effects or land-atmosphere interactions in the source climate model.
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4.1.3 Wind Speed

For wind speed, FNO has the lowest aggregate MAE (0.59), compared with 0.63 for quantile
mapping, 0.66 for linear scaling, and 0.71 for bicubic interpolation (Table 1; Figure 3e), a 6.2%
reduction relative to the best non-FNO baseline, calculated from unrounded values. FNO also has
the signed mean bias closest to zero (—0.06) and the smallest mean absolute monthly bias (0.15).
All four methods nevertheless share negative-bias periods and similar temporal excursions (Figure
3f).

The spatial distribution of wind speed MAE (Figure 4e) shows a clear pattern of elevated errors in
topographically complex regions, particularly the Rocky Mountains, Appalachians, and parts of
the western United States, where values reach up to 0.5 m/s. Coastal regions, especially along the
Great Lakes and Atlantic coast, also exhibit higher errors, likely reflecting the challenges in
capturing land-sea interaction effects on local wind patterns. The central Great Plains region shows
the lowest MAE values, consistent with its smoother topography and more predictable synoptic-
scale wind patterns. The spatial pattern of wind speed bias (Figure 4f) reveals a more complex
regional structure than the temporal analysis suggests. While the overall bias magnitudes remain
small (£0.4 m/s), distinct regional patterns emerge. Negative bias (underestimation) occurs in parts
of the northern Great Plains and some mountainous areas, while positive bias (overestimation)
predominates in coastal regions and parts of the southwestern United States. These patterns likely
reflect the model's varying ability to capture local wind enhancement or sheltering effects caused

by topographic features and land-water contrasts.
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4.1.4 Overall Downscaling Assessment

The common-period comparison supports FNO as the lowest-MAE method among the selected
baselines for all three meteorological variables (Table 1), with reductions of 13.0%, 16.3%, and
6.2% relative to the best non-FNO precipitation, temperature, and wind-speed baselines,
respectively; percentages were calculated from unrounded values. It does not show universal
superiority in bias, as quantile mapping has slightly lower aggregate temperature-bias metrics.
Those QM and FNO temperature-bias values are descriptively close. FNO's lower MAE indicates
better overall pointwise agreement over the common test months, but sampling uncertainty was
not quantified, so the small bias differences should not be treated as statistically distinguishable or
as evidence of better tail behavior. The spatial maps in Figure 4 identify the greatest precipitation
and wind errors in complex terrain and regional temperature-bias patterns. Because MSWX is the
training and evaluation target, these results quantify agreement with MSWX rather than
independent truth and cannot exclude bias inherited from its historical climatology. The
downstream controlled-forcing experiment in Section 4.2.2 tests whether bypassing FNO is

sufficient to remove runoff errors.

Table 1. Aggregate meteorological downscaling metrics against MSWX for the common 2011
2020 test period. Lower MAE and mean |bias| are better; signed bias closest to zero is better. Units
are mm d! for precipitation, °C for temperature, and m s for wind speed. Values are rounded to

two decimals; percentage reductions in the text were calculated from unrounded values.

Variable Method MAE | Bias ll\gf:s‘l‘
FNO 0.83 +0.22 0.24
Precipitation Quantile mapping 0.95 +0.24 0.27
Linear scaling 1.08 +0.26 0.29
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Variable Method MAE Bias ll‘gf:sll‘
Bicubic 1.25 +0.32 0.36
FNO 1.89 +0.11 0.54
Temperature Quantile mapping 2.26 +0.10 0.50
Linear scaling 2.65 +0.14 0.68
Bicubic 3.02 +0.16 0.84
FNO 0.59 —-0.06 0.15
Wind speed Q.uantile m.apping 0.63 -0.07 0.16
Linear scaling 0.66 -0.07 0.18
Bicubic 0.71 —0.08 0.22

4.2 Runoff and Streamflow

4.2.1 GRFR-Based Deterministic Evaluation
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Figure 5. GRFR-based KGE evaluation of the UMAL-LSTM ensemble median across NERC

regions. (a) Spatial KGE over the conterminous United States. (b) Fraction of all grid cells with

KGE < —0.41 by region. (c) Regional KGE boxplot distributions by NERC region.

The GRFR-based map shows broad positive KGE with lower skill in mountain, high-latitude, and

transitional regions (Figure 5a). Recalculating the regional medians across the full domain lowered
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them by about 0.02, from approximately 0.50—0.70 to 0.48—0.68. Figure 5b reports the fraction

below the —0.41 observed-mean benchmark, and Figure 5¢ summarizes the regional distributions.

4.2.2 GRFR-Based Probabilistic Evaluation
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Figure 6. Spatial and statistical evaluation of CRPSS for the UMAL-LSTM across NERC
regions. (a) Spatial CRPSS over the conterminous United States. (b) Fraction of grid cells with

negative CRPSS by region. (c) Conditional distributions of positive CRPSS by region.

CRPSS ranges from negative values to 1; values below zero indicate no improvement over the
climatological reference, and 1 denotes perfect probabilistic skill. The GRFR-based CRPSS map
is predominantly positive, indicating that the UMAL-LSTM ensemble generally improves upon
the leave-one-year-out climatological reference used in this analysis (Figure 6). Negative skill
remains geographically organized and varies by region, reinforcing the need to report the complete
distribution rather than only positive values. WECC is especially heterogeneous, consistent with
its range of snow regimes and complex terrain.

Positive CRPSS values demonstrate probabilistic value relative to the specified GRFR
climatology, but this evidence is target-dependent. The nCRPS results in Figure 7 provide a

complementary measure of relative error, and the actual-forcing comparison in Section 4.2.2 tests
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whether meteorological downscaling is the dominant source of spatial variation. The nCRPS field
is hydroclimatically organized and complements the CRPSS pattern: lower nCRPS indicates
smaller error relative to runoff magnitude. Eastern and central areas are generally more spatially
uniform, whereas the mountainous West spans a wider range of error. This heterogeneity motivates
the actual-forcing experiment and cautions against attributing downstream hydropower-season

differences to a single upstream source.

a) | _‘ b)

55°N
50°N

45°N

N .
L ;

Latitude

35°N{-

30°N

259Nt i S 2 Wy —_— £ 4
120°W 110°wW 100°W 90°W 80°W 70°W

: <« KR OO O 00
Longitude LR O U7 L L7 X
< $<<,$o LT
NERC Region
NCRPS (%)
0 25 50 75 100

Figure 7. Spatial map and regional distributions of normalized CRPS (nCRPS) for the UMAL-
LSTM. (a) Spatial nCRPS over the conterminous United States (lower is better). (b) Regional

nCRPS distributions by NERC region.

Independent comparison with USGS gauges showed pronounced spatial heterogeneity and an all-
location median monthly KGE of 0.38 across 695 supplied plant—gauge evaluation locations

(Supporting Information Text S3 and Figures S2—S3). Because the UMAL-LSTM produces runoff
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that is subsequently routed and regulated, this observational result evaluates the integrated runoff,
routing, and water-management chain rather than UMAL-LSTM runoff alone. Both modeled and
observed streamflow can reflect managed conditions. The controlled actual-forcing experiment
shows predominantly positive No-DS-minus-FNO differences in both KGE and CRPSS across the
domain, including much of the West (Supporting Information Text S4 and Figures S4-S5).
Because the same UMAL-LSTM improves when the FNO/downscaling stage is bypassed, the
result directly implicates error introduced by that stage as a substantial contributor to the FNO-
forced runoff error. Localized non-positive differences show that hydrologic-model, reference-

data, and spatial-scale limitations remain.
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4.3 Probabilistic Hydropower Forecasts
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Figure 8. Hydropower-generation forecast skill measured by CRPSS at lead months 1-4. (a)
Facility-level CRPSS at each lead and (b) regional median CRPSS by NERC region. Positive

values indicate improvement over the climatological reference.

Hydropower CRPSS is broadly positive at one month and declines with lead time (Figure 8). By
month four, regional median skill is small in several regions and spatially heterogeneous within
regions. WECC retains non-zero median skill in the full-year summary, but many western facilities
lose skill as meteorological, snow, routing, and operational uncertainties accumulate. These results
support one-month regional planning use more strongly than a general claim of useful skill through
four months. Complementing the relative-skill view in Figure 8, Figure 9 reports normalized
CRPS. At one month, most facilities have nCRPS below approximately 5% of long-term mean
monthly generation. Relative error rises with lead and becomes largest in portions of WECC, SPP,

and SERCR. By month four, regional medians span approximately 10-25%, with larger values at
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some facilities. The widening within-region spreads reinforce the need for facility- and season-
aware interpretation.

CRPSS and nCRPS provide complementary information: a forecast can retain positive skill
relative to climatology while still having a wide absolute uncertainty band. At one month, both
metrics generally support regional planning value. At longer leads, the rising nCRPS and declining
CRPSS call for wider uncertainty margins and region-specific interpretation rather than a single
nationwide operational threshold. A universal 'good enough' CRPSS threshold is not assigned here;
establishing decision-relevant thresholds requires stakeholder engagement and decision-specific
loss and cost criteria beyond the scope of this study. The contrast is especially important in WECC,
where hydrologic and operational diversity produces large within-region spreads. Storage can
buffer hydrologic variability, but at seasonal horizons it also increases operator discretion that the
autoregressive model represents only through historical statistical relationships. Consequently,
non-zero regional CRPSS at month four does not establish plant-level decision value at every

facility.
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Figure 9. Hydropower-generation forecast error measured by nCRPS. (a) Facility-level nCRPS
(%) at lead months 1—4, where larger values indicate worse relative error. (b) Median nCRPS (%)

by lead and NERC region.

4.3.1 Seasonal and Lead-Time Dependence

Seasonal hydropower-generation diagnostics sharpen the full-year interpretation (Figure 10). At
lead month 1, regional median nCRPS is approximately 2—5% and CRPSS is approximately 0.25—
0.33 across the plotted seasons. By lead month 4, full-year nCRPS spans about 10-25% and
CRPSS ranges from approximately —0.03 to 0.14 across regions. Degradation is stronger during
the NDJFM snow and AMJJ melt seasons: SPP, TRE, and WECC reach roughly 30-38% nCRPS
at month 4, and several regional CRPSS values approach or fall below zero, while NPCC, RFC,
and SERCR retain positive CRPSS of approximately 0.08-0.12. For ASO low-flow conditions,
the longest available horizon is month 3; regional nCRPS is about 9-26% and CRPSS ranges from
approximately —0.05 to 0.12, with SPP and TRE below climatology. Thus, long-lead hydropower

value depends on both region and season and should not be inferred from an all-month mean alone.
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Facility-level spatial patterns supporting these regional summaries are provided in Supporting

Information Text S5 and Figures S6-S11.

Seasonal nCRPS and CRPSS
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Figure 10. Seasonal NERC-region median hydropower nCRPS (top) and CRPSS relative to
climatology (bottom) by lead for NDJFM snow season, AMJJ melt season, and ASO late-
summer/early-fall low-flow season. Lower nCRPS and higher CRPSS are better; the dashed line

denotes zero CRPSS. ASO includes three lead months due to the seasonal window.

5. Limitations

The evaluation identifies limitations at each stage of the prototype and constrains its intended use

to regional probabilistic planning.

First, coarse NMME hindcasts and the MSWX training target introduce input uncertainty. FNO
reduces MAE relative to the selected baselines but retains orographic precipitation, seasonal
temperature, and wind biases. MSWX itself incorporates a fixed 1979-2013 CHELSA

climatology; because MSWX is also the evaluation target, the present experiment cannot diagnose
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bias relative to a current-climate station network. Periodic recalibration against updated
observations is needed under non-stationary climate. The predominantly positive actual-forcing
differences show that removing FNO improves KGE and CRPSS across much of the domain and
that downscaling error is a substantial contributor to runoff error. However, localized non-positive
differences and residual spatial heterogeneity show that bypassing FNO does not eliminate runoff
error. The UMAL-LSTM lacks explicit snow accumulation and melt physics, and reference-data

and spatial-scale limitations remain important in western basins.

Second, the water-management and hydropower components simplify operations. MOSART-WM
applies generic and data-driven large-scale storage-release behavior and configured sectoral
demand priorities, but the present setup is not dynamically re-optimized using seasonal forecasts
and does not optimize plant-specific flood-control rule curves or distinguish turbine releases from
spill. The downstream autoregression uses inflow, outflow, storage, and historical lags, but it does
not compute storage—elevation—head relationships, forebay and tailwater levels, turbine efficiency,
or forward release schedules. Electricity prices, outages, infrastructure changes, operator forecasts,
time-varying multi-objective priorities, and non-stationary rule changes are omitted. Historical
behavior may be captured implicitly, but it may not transfer to unusual floods, droughts,

infrastructure changes, or altered policy.

Third, uncertainty accumulates across the chain. The USGS KGE of routed and managed
streamflow is substantially more heterogeneous than the GRFR-based runoff evaluation, but it
combines UMAL-LSTM runoff error with mosartwmpy/MOSART-WM routing and water-
management error and therefore cannot isolate UMAL-LSTM performance. The controlled-
forcing experiment identifies meteorological downscaling as a substantial contributor to runoff

error but retains localized evidence of hydrologic-model, reference-data, and scale-related
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limitations. The seasonal hydropower-generation CRPSS and nCRPS results show that full-year
averages mask important differences among snow, melt, and low-flow periods and provide the

appropriate basis for season-specific operational interpretation.

At extended leads, declining CRPSS and widening nCRPS limit direct market or plant-level
interpretation. Positive median skill in a region does not guarantee skill at every facility, and by
month four some regional-seasonal summaries approach or fall below climatology. Future work
should combine improved snow and soil-moisture representation with data assimilation, plant-

specific storage and head constraints, and decision models tied to operator or market objectives.

The framework also omits real-time assimilation of streamflow, snowpack, reservoir storage, river
levels, and unit outages, and its fitted relationships assume approximate stationarity over the
historical period. These omissions limit transfer to changing climate, infrastructure,
socioeconomic demand, and water-allocation priorities. They are future extensions rather than

capabilities of the current prototype.

6. Conclusions

We developed a modular prototype linking seasonal climate forecasts, FNO downscaling,
probabilistic UMAL-LSTM runoff, MOSART-WM routing and water management, and plant-
level autoregressive hydropower prediction. During 2011-2020, FNO reduced monthly spatially
averaged MAE relative to the best non-FNO baseline by 13.0% for precipitation, 16.3% for
temperature, and 6.2% for wind speed, although residual biases and complex-terrain errors

remained.
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Runoff evaluation showed broad deterministic and probabilistic skill relative to the GRFR
reanalysis target. Independent streamflow and controlled-forcing checks indicated substantial
spatial heterogeneity and contributions from both meteorological downscaling and hydrologic-
model limitations. Because the streamflow comparison reflects the integrated runoft, routing, and
water-management chain, including management effects in modeled and observed flows, it should
not be interpreted as a direct evaluation of UMAL-LSTM runoff.

Regional hydropower forecasts provided their clearest value at one month, with median CRPSS of
approximately 0.25—0.33. Skill declined with lead and varied by region and season; by month four,
several snow- and melt-season regional CRPSS values approached or fell below zero.

The framework is therefore best interpreted as a regional probabilistic planning prototype. It is not
a replacement for plant-operator models because it does not explicitly represent plant-specific
submonthly operations and constraints, including flood-control optimization, turbine release
versus spill, dynamic hydraulic head, market dispatch, changing priorities, and non-stationary rule
curves.

Within those limits, the workflow demonstrates a computationally efficient route from seasonal
climate information to probabilistic hydropower indicators for resource-adequacy analysis.
Priorities for further development are expanded independent observational validation, improved

snow and state estimation, and closer coupling to plant- and region-specific decision constraints.
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