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Abstract

Renewable-generation forecasting is a probabilistic time-series problem in which point
accuracy alone is insufficient for operational decision-making. This study proposes a
physics-informed Bayesian framework for multi-horizon forecasting of solar, wind, and
total renewable generation. The task is formulated as a 15-dimensional target-horizon prob-
lem covering three generation families and five forecast horizons: H1, H3, H6, H12, and H24.
A leakage-safe data construction protocol generates causal predictors from meteorological
observations, generation history, calendar cycles, lagged and rolling statistics, ramp de-
scriptors, and physics-informed transformations. PI-BHTF partitions the 422-dimensional
predictor space into solar, wind, temporal-calendar, and cross-context components, encodes
them through parallel nonlinear branches, and combines the representations using cross-
energy gated fusion. Its neural core uses a heteroscedastic predictive head and Monte Carlo
dropout to distinguish input-dependent aleatoric uncertainty from epistemic variability,
whereas the final hybrid forecasts are calibrated using residual quantiles computed from a
chronologically held-out validation segment. Across three prespecified random seeds, the
full PI-BHTF achieved a mean MAE of 0.0797 & 0.0007 on the internal chronological test
and 0.0686 & 0.0006 on locked external SCADA validation. Performance and calibration
varied substantially across target—horizon tasks, including marked short-horizon external
undercoverage for wind generation. Component-wise ablation supported semantic feature
partitioning and the heteroscedastic head, whereas the physics-informed features, cross-
energy gate, and physics-consistency loss did not independently reduce aggregate MAE.
PI-BHTF should therefore be interpreted as a reproducibly competitive framework that
balances multi-horizon accuracy, structured representation, uncertainty estimation, and
external transferability rather than as a universally dominant model.
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1. Introduction

The increasing penetration of renewable energy sources has made short-term and
multi-horizon generation forecasting an important applied mathematical problem. Solar
and wind power are weather-dependent, variable, and only partially controllable. Their
uncertainty affects reserve planning, grid balancing, electricity-market operation, and the
secure integration of renewable resources into modern power systems. Previous studies
have shown that renewable-generation forecasting remains challenging because wind
and solar power depend on nonlinear meteorological processes, temporal autocorrelation,
seasonal effects, and site-specific operating conditions [1-3].

Solar and wind generation differ substantially in their physical mechanisms and tem-
poral behavior. Photovoltaic generation is mainly driven by irradiance, daylight conditions,
temperature, humidity, and seasonal cycles [2]. Its time series often contains strong diurnal
regularity and many zero or near-zero values during night-time periods. Wind generation
is less regular and is strongly affected by wind speed, air density, turbulence, and local
atmospheric conditions [1,3]. The nonlinear relationship between wind speed and available
kinetic energy makes wind forecasting particularly sensitive to regime changes and ramp
events. When solar and wind generation are combined into total renewable generation, the
modeling problem becomes more complex because the total output reflects two different
physical processes with different sources of uncertainty.

Many existing forecasting approaches evaluate renewable-generation models mainly
through averaged point-error metrics, such as MAE, RMSE, or R2. These metrics are
useful, but they are not sufficient for a complete assessment of model behavior. A model
may achieve a good average error while performing poorly for a specific energy source
or forecast horizon. For example, a method may be accurate for one-hour-ahead solar
prediction but much less reliable for wind predictions 12 or 24 h ahead. Similarly, a model
may perform well on an internal test split but lose accuracy when applied to independent
SCADA data from different stations, installed capacities, and meteorological conditions.
Therefore, renewable-generation forecasting should be evaluated as a structured target—
horizon problem rather than as a single aggregated regression task.

Another key limitation of point forecasting is the lack of calibrated uncertainty infor-
mation. In operational settings, a single forecast value is rarely enough. System operators
need to know how reliable the forecast is and how wide the plausible range of future
generation may be. Probabilistic energy forecasting has therefore become an important
research direction because it provides information about the distribution of future outcomes
rather than only their conditional mean [4]. A useful probabilistic forecast should be both
calibrated and sharp: the prediction intervals should cover the observed values with the
intended frequency, while remaining as narrow as possible [5]. If the forecast interval is too
narrow, the system may underestimate balancing risk; if it is too wide, the forecast becomes
less useful for decision-making.

From a mathematical perspective, the problem studied in this paper is a probabilistic
multi-output time-series forecasting problem. The objective is to estimate future solar
generation, wind generation, and total renewable generation over several lead times. In
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this study, the forecasting task is formulated as a 15-dimensional target-horizon problem:
three target families—solar, wind, and total generation—are predicted at five forecast
horizons, H1, H3, H6, H12, and H24, corresponding to forecasts 1, 3, 6, 12, and 24 h ahead.
This formulation allows the model to be evaluated separately for each target and each
horizon, making it possible to identify where the method is strong, where it is comparable to
baseline models, and where limitations remain. Scale-independent evaluation is important
because different target variables may have different magnitudes and naive forecasting
difficulty [6]. In addition, performance should be reported separately across forecast
horizons to avoid hiding horizon-specific weaknesses.

A major methodological issue in time-series forecasting is data leakage. Leakage may
occur when future information enters the predictor space, or when preprocessing param-
eters are estimated using validation, test, or external data. This problem is particularly
serious in multi-horizon forecasting because future targets are explicitly constructed by
shifting the time series forward. To avoid optimistic evaluation, all predictors must be
causal, all transformations must be fitted only on the training data, and external validation
data must remain fully locked until the final assessment. In this work, the data construction
procedure follows this principle: the main dataset is split chronologically into training,
validation, and internal test subsets, while an independent Chinese State Grid SCADA
dataset is used only for locked external validation.

Physics-informed modeling provides a natural way to improve the structure of
renewable-generation forecasting models. Instead of treating the input variables as a
purely generic tabular representation, physically meaningful transformations can be intro-
duced into the predictor space. For solar generation, irradiance-based variables, daylight
indicators, and irradiance-weather interaction terms can reflect the relationship between
solar radiation and photovoltaic output. For wind generation, wind-speed transformations,
air-density adjustment, and power-curve-inspired terms can represent the nonlinear depen-
dence of wind power on atmospheric conditions. These transformations do not impose a
complete physical model, but they provide a useful inductive bias for statistical learning.

Bayesian and probabilistic machine-learning methods are also relevant for this task
because renewable-generation uncertainty is not constant across time, weather regimes,
and horizons. Monte Carlo dropout has been widely used as a practical approximation
to Bayesian inference in neural networks, allowing predictive uncertainty to be estimated
through stochastic forward passes [7]. However, approximate Bayesian uncertainty alone
does not guarantee calibrated prediction intervals, especially under model misspecification
or distribution shift [8]. For this reason, conformal prediction has become a useful post-hoc
calibration framework because it can provide finite-sample marginal coverage guarantees
under exchangeability assumptions [9,10].

This paper proposes a Physics-Informed Bayesian Hybrid Temporal Forecaster, de-
noted as PI-BHTF, for multi-horizon forecasting of solar, wind, and total renewable gen-
eration. The methodological contribution is architectural and procedural rather than the
isolated novelty of heteroscedastic regression, Monte Carlo dropout, or conformal cali-
bration. In one reproducible framework, PI-BHTF combines leakage-safe causal feature
construction, semantic partitioning of the input space, joint forecasting of solar, wind,
and total generation over five horizons, validation-defined hybrid combination, separate
characterization of uncertainty components in the neural core, and locked external SCADA
validation. The full 422-feature input is divided into solar, wind, temporal-calendar, and
cross-context groups, encoded by separate nonlinear branches, and combined through
cross-energy gated fusion.

The proposed framework is evaluated using both internal and external validation.
The internal test set is obtained from the main dataset through a chronological split, while
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the external validation set is based on independent SCADA data. The model is compared
with classical statistical models, regularized linear models, gradient-boosting methods,
probabilistic regressors, temporal deep-learning models, and compact neural forecasting
architectures inspired by recent multi-horizon time-series models. The inclusion of strong
baseline models is important because modern time-series forecasting has advanced rapidly
through both classical ensemble methods and neural architectures designed for multi-
horizon prediction [11,12]. The evaluation includes point forecasting metrics, interval
metrics, calibration metrics, ablation analysis, and paired statistical tests.

The experimental results indicate that PI-BHTF provides a reproducibly competitive
balance between point forecasting accuracy, uncertainty characterization, and external
transferability. The revised component-wise analysis does not support the claim that
every physics-informed component independently reduces point error. Instead, the most
consistent architectural evidence is obtained for semantic feature partitioning, while the
heteroscedastic head has a distinct role in the uncertainty-aware neural core. Some linear,
boosting, recurrent, and compact neural baselines remain stronger for specific targets or
horizons, reinforcing the need for target-horizon-specific interpretation.

The main contributions of this study are as follows:

A probabilistic target-horizon formulation is introduced for renewable-generation fore-
casting, where solar, wind, and total generation are jointly represented as a 15-dimensional
multi-output forecasting problem over five forecast horizons.

A leakage-safe data construction procedure is developed to ensure that all predictors
are causal, all preprocessing operations are fitted only on the training split, and the external
SCADA dataset remains locked until final evaluation.

A physics-informed predictor representation is constructed using generation memory,
meteorological covariates, cyclic calendar terms, lagged and rolling statistics, A Bayesian
hybrid forecasting architecture, PI-BHTF, is proposed. The model uses semantic feature
partitioning, parallel branch encoders, cross-energy gated fusion, and a heteroscedastic
neural core. The contribution is evaluated component-wise rather than assuming that every
physics-informed block independently improves accuracy.

An uncertainty-estimation and calibration strategy is formulated in which the
heteroscedastic head characterizes input-dependent aleatoric uncertainty, Monte Carlo
dropout characterizes epistemic variability in the neural core, and the final hybrid predic-
tion intervals are empirically adjusted using chronological validation residuals.

A strict empirical validation design is implemented using internal chronological test-
ing, locked external SCADA validation, ablation analysis, and paired statistical comparison
against strong classical, probabilistic, boosting, and neural baselines.

The remainder of this paper is organized as follows. Section 2 reviews related work
on renewable-energy forecasting, probabilistic time-series modeling, Bayesian uncertainty
estimation, and conformal prediction. Section 3 presents the mathematical formulation
of the multi-horizon forecasting problem. Section 4 describes the datasets, leakage-safe
data construction, feature engineering, PI-BHTF architecture, and experimental design.
Section 5 reports the internal and external validation results. Section 6 discusses the
findings, limitations, and implications of the study. Section 7 concludes the paper and
outlines future research directions.

2. Related Work
2.1. Renewable-Generation Forecasting

Renewable-generation forecasting has been widely studied because solar and wind
power are variable, weather-dependent, and difficult to dispatch directly. Wind power
forecasting is especially challenging because wind speed, air density, turbulence, local
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topography, and atmospheric regimes interact in a nonlinear way [1,3]. Solar power
forecasting has a different structure: photovoltaic output is more strongly associated
with irradiance, daylight conditions, temperature, cloud-related variability, and seasonal
cycles [2]. These differences suggest that a single generic forecasting representation may be
insufficient when solar generation, wind generation, and total renewable generation are
predicted jointly.

Earlier studies and reviews have shown that the difficulty of renewable-energy fore-
casting depends strongly on the forecast horizon [1-4]. Very short-term forecasts often
benefit from temporal persistence and lagged generation values, whereas longer horizons
require stronger use of meteorological, seasonal, and structural information. This horizon
dependence motivates the target-horizon formulation used in the present study. Instead of
evaluating one aggregated forecasting task, solar, wind, and total generation are assessed
separately at H1, H3, H6, H12, and H24.

The information available at the forecast origin is equally important when interpreting
horizon-dependent accuracy. Reviews of wind, photovoltaic, and probabilistic energy
forecasting emphasize that very short-term tasks can rely heavily on persistence and
recent generation history, whereas the importance of meteorological information increases
as lead time grows [1-4]. In operational H12-H24 forecasting, numerical or ensemble
weather predictions are therefore often important. The present study deliberately does
not replace unavailable future weather with future observations; instead, it evaluates a
historical-observation-based forecasting setting. This distinction is revisited as a limitation
in Section 6.

Another important issue is model transferability. A model that performs well on one
dataset may not retain the same behavior when applied to data from different sites, capac-
ities, climates, or measurement systems. This is particularly relevant for SCADA-based
renewable-generation datasets, where station composition and local weather distributions
may differ from the training data. Therefore, external validation is an important require-
ment for assessing whether a forecasting model is robust beyond the original data source.

2.2. Point Forecasting, Probabilistic Forecasting, and Calibration

Many renewable-energy forecasting studies focus primarily on point predictions and
compare models using MAE, RMSE, MAPE, or R%. These metrics are useful for measuring
central forecast accuracy, but they do not describe the reliability of forecast uncertainty. In
practical power-system operation, uncertainty is not a secondary issue. A forecast with
a low average error may still be operationally risky if its prediction intervals are poorly
calibrated or too narrow.

Probabilistic energy forecasting addresses this limitation by estimating a predictive
distribution or prediction interval rather than only a conditional mean [4]. A good proba-
bilistic forecast should be calibrated and sharp: it should cover future observations with
the intended empirical frequency while avoiding unnecessarily wide intervals [5]. This
calibration—sharpness trade-off is important for renewable generation because forecast
errors are heteroscedastic. Error variance can change with time of day, season, weather
conditions, generation level, and forecast horizon.

Scale-independent evaluation is also important when several target variables are
analyzed together. Solar, wind, and total generation may have different magnitudes,
distributions, and naive forecast difficulty. For this reason, metrics such as MASE are useful
because they allow forecasting performance to be compared relative to a simple benchmark
rather than only in the raw scale of the target variable [6]. In the present study, point
metrics are therefore interpreted together with interval and calibration metrics, rather than
as a single isolated ranking.
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2.3. Machine-Learning and Deep-Learning Approaches

Classical machine-learning and gradient-boosting methods remain strong baselines for
renewable-generation forecasting, particularly when the input space contains engineered
meteorological, lagged, rolling, and interaction features. Tree-based boosting methods
such as XGBoost, LightGBM, and CatBoost are widely used because they can model
nonlinear relationships, feature interactions, and heterogeneous tabular predictors effec-
tively [13-15]. In renewable-energy applications, such models are often competitive because
much of the temporal structure can be represented through carefully designed lagged and
rolling features.

Deep-learning models provide a different modeling strategy by learning temporal
representations from sequential inputs. Recurrent architectures such as LSTM and GRU
were developed to capture temporal dependencies and have been widely applied to time-
series prediction tasks [16,17]. Temporal convolutional networks provide another approach
by using causal and dilated convolutions to model sequential dependencies efficiently [18].
Transformer architectures introduced a self-attention-based alternative to recurrent and
convolutional sequence modeling, enabling long-range dependencies to be represented
through attention mechanisms [19]. More recent multi-horizon architectures, including the
Temporal Fusion Transformer and N-BEATS, have also influenced forecasting research by
introducing attention-based, residual, and interpretable sequence-modeling ideas [11,12].

Recent studies have also explored hybrid spatio-temporal architectures for photo-
voltaic power forecasting. A multi-branch CNN/RNN-Transformer architecture was
developed for rare-event-aware PV power prediction [20], whereas a HybridCNN-
STTransformer was proposed for sub-hourly multi-horizon quantile forecasting [21]. To-
gether, these studies demonstrate the potential of combining local feature extraction and
temporal representation learning for deterministic, rare-event-aware, and probabilistic
PV forecasting.

2.4. Bayesian Uncertainty and Conformal Prediction

Bayesian uncertainty estimation is relevant for renewable-generation forecasting be-
cause the uncertainty of solar and wind output is not constant. Monte Carlo dropout
provides a practical approximation to Bayesian inference in neural networks by retaining
dropout during inference and generating stochastic forward passes [7]. This allows the
model to estimate predictive variability without training a full Bayesian neural network.
Nevertheless, approximate Bayesian uncertainty can be miscalibrated, especially under
distribution shift, limited training data, or model misspecification [8].

Conformal prediction provides a complementary calibration mechanism. Instead
of relying only on the internal uncertainty estimates of a model, conformal methods use
validation residuals to adjust prediction intervals and improve empirical coverage [9,10].
This is useful in renewable-generation forecasting because errors can differ across targets
and horizons. For example, wind generation may require wider intervals at medium or long
horizons than solar generation, while total generation may exhibit a different uncertainty
structure due to the combination of two energy sources.

The present study combines these ideas while keeping their roles distinct. Bayesian
heteroscedastic modeling and Monte Carlo dropout characterize aleatoric and epistemic
uncertainty in the neural core, respectively. After the final hybrid point forecast is formed,
conformal residual correction is applied as a separate validation-based empirical calibration
step because the full predictive distributions of the base models are not propagated through
the stack.
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2.5. Positioning of the Present Study

The reviewed literature shows four important gaps. First, many studies still emphasize
point forecasting more than calibrated uncertainty. Second, solar and wind generation
are often modeled separately, while total renewable generation is less frequently treated
as a structured joint forecasting problem. Third, model quality is often summarized by
averaged metrics, which can hide target-specific and horizon-specific weaknesses. Fourth,
external validation on independent SCADA data is still less common than internal testing.

This paper addresses these gaps by formulating renewable-generation forecasting as a
probabilistic 15-dimensional target-horizon problem. The proposed PI-BHTF model com-
bines physics-informed feature representation, Bayesian heteroscedastic predictive heads,
Monte Carlo dropout, and conformal residual calibration. The experimental design evalu-
ates the model on internal chronological testing and locked external validation, with com-
parisons against strong classical, boosting, probabilistic, and neural forecasting baselines.

3. Mathematical Problem Formulation

This section mathematically formalizes the implemented forecasting pipeline and
the PI-BHTF model structure. The forecasting task is defined as a probabilistic multi-
output time-series problem with causal predictors, multi-horizon targets, heteroscedastic
predictive uncertainty, and empirically adjusted prediction intervals. The detailed data
construction procedure, PI-BHTF architecture, and experimental design are described in
Section 4.

Let t € T denote an hourly timestamp. At each time ¢, the observed renewable-
generation and meteorological state is represented as

Zt = [St, Wt, &t, My, Ct] (1)

where s;, w;, and g; denote normalized solar, wind, and total renewable generation, respec-
tively. The total generation variable is constructed from raw solar and wind generation
before the final scaling step and is treated as a separate target family. The vector m; contains
meteorological variables, including wind speed, air density, temperature, humidity, and
irradiance-related variables, while ¢; contains calendar and cyclic time indicators.

The forecasting problem is defined for three target families,

M = {solar, wind, total}, )

and five forecast horizons,
H ={1,3,6,12,24}, 3)

corresponding to forecasts 1, 3, 6, 12, and 24 h ahead. For each timestamp t, the multi-
horizon target vector is defined as

H (m)

_ 15
Yo = [yt+h}me/\/l,h€% R™. @

Thus, each supervised instance has a 15-dimensional output formed by three target
families and five forecast horizons. This formulation follows the prepared forecasting
pipeline, where the output task matrix contains solar, wind, and total generation targets for
H1, H3, H6, H12, and H24.

A central requirement of the formulation is causality. The predictor vector at time
t must be constructed only from information available at or before t. Let L denote the
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maximum lag or rolling-window length used in feature construction. The causal feature
operator is defined as
Xt = q)(ztl Zt—1y--- /thL) € Rd! (5)

where ®(-) includes lagged variables, rolling statistics, ramp descriptors, calendar encod-
ings, missingness indicators, and physics-informed transformations. In the implemented
pipeline, the final engineered predictor dimension is d = 422, and future targets are shifted
only after causal feature construction, which prevents future information from entering the
predictor vector.

The supervised dataset is written as

D:{(xt‘yzi) :tE’T*}, (6)

where T* is the set of timestamps for which all forecast horizons in H are available. Rows
with unavailable future targets are excluded from the model-ready matrix.

The main dataset is split chronologically into training, validation, and internal
test subsets:

Dmain = Dtrain U DVal U Dtestr Dtrain < DVal = Dtest/ (7)

where < denotes temporal precedence. An additional external dataset is used only for
locked external validation:

Dext N (Dtrain U Dval U Dtest) = g. (8)

No preprocessing parameters, feature filters, model-selection decisions, or calibration
parameters are estimated from Diest OF Dext.

This restriction is necessary to prevent information leakage and optimistic perfor-
mance estimation.

The forecasting model is defined as a probabilistic mapping

fo: R = R® x R, ©9)

where 6 denotes the trainable parameters. For each input vector x;, the model outputs a
conditional mean vector and a log-variance vector:

fo(xe) = (po (xt), 19 (x1)) (10)
where the two 15-dimensional outputs are the conditional mean and log-variance vectors:
po(xt) € RY, 1o (xt) € RIS, (11)

The conditional variance vector is obtained as
03 (x1) = exp(1p(x1))- (12)
The predictive distribution is approximated by a diagonal heteroscedastic Gaussian model:
po(uf | x) = N (o (xe),diag(o5 (x1)))- (13)

The diagonal covariance assumption is used as a tractable approximation. Cross-target
and cross-horizon dependencies are not modeled through a full covariance matrix; instead,
they are represented indirectly through shared feature construction, branch encoders, cross-
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energy fusion, and joint multi-output training. This is consistent with the implemented PI-
BHTF architecture, which uses a shared representation and two 15-dimensional predictive
heads: one for the mean and one for the log-variance.

For each target-horizon component j € {1,...,15}, the point prediction is defined as

Jrj = Ho,j(xt)- (14)
The corresponding (1 — «)-level prediction interval is

7 = [LS.‘“), uf,}“")], (15)

where & = 0.10 for 90% prediction intervals. The desired calibration property is
(1-a)) _
P(yt,]- €1, ) —1—a (16)

Equation (16) expresses the nominal calibration target. In the temporally dependent
and externally shifted settings considered here, it is not interpreted as an unconditional
finite-sample coverage guarantee; empirical coverage is reported separately on held-out
chronological and external data.

At the neural-core level, heteroscedastic prediction and Monte Carlo dropout charac-
terize aleatoric and epistemic uncertainty, respectively. The final hybrid PI-BHTF interval
does not directly propagate the component predictive distributions through the stack;
instead, it is adjusted using residual quantiles from the chronological calibration segment.

The full model-ready input matrix is

X = [x1,..., 7] T € R™42, (17)

and the target matrix is

.
Y= [yl oyl er, (18)

The overall objective is to learn a model that minimizes point prediction error, char-
acterizes input-dependent uncertainty in the neural core, supports empirically adjusted
prediction intervals for the final hybrid forecast, and preserves generalization under internal
chronological testing and locked external validation.

4. Materials and Methods
4.1. Datasets and Experimental Roles

This study uses two publicly available renewable-generation datasets with different
experimental roles. The first dataset is the Wind and Solar Power Generation Dataset from
Mendeley Data [22]. It is used as the main modeling source because it contains hourly solar
and wind generation records together with relevant meteorological variables, including
wind speed, air density, temperature, humidity, ground irradiance, and atmospheric irradi-
ance. This dataset provides the basis for training, validation-based model selection, and
internal chronological testing.

The second dataset is the Chinese State Grid Renewable Energy Generation Forecasting
Competition dataset [23]. It contains SCADA-based solar and wind generation observations
from multiple renewable-generation sites. In this study, this dataset is used only as a
locked external validation source. It is not used for training, hyperparameter tuning,
feature selection, calibration, or model selection. This separation is necessary because the
purpose of the external dataset is to test transferability under a different data source, station
composition, generation scale, and meteorological distribution.
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The experimental roles of the two datasets are summarized in Table 1.

Table 1. Dataset roles in the experimental design.

Dataset Temporal Resolution Role in This Study Use in Model Development

Mendeley wind-solar dataset
[22]

Chinese State Grid SCADA
dataset [23]

Training, validation, internal

Hourly Main modeling dataset chronological testing

15 min, resampled to hourly Locked external validation Final external evaluation only

Harmonized feature and Generated after leakage-safe

Processed model-ready data Hourly target matrices preprocessing

Before future-target construction, the harmonized Mendeley dataset contains
8752 hourly observations. The external Chinese State Grid source contains 931,695 native
15-min SCADA records: 510,816 solar observations from eight solar sites and 420,879 wind
observations from six wind sites. Four 15-min observations are first averaged within
each hour at the site level; generation and installed capacity are then summed across
solar or wind sites, while meteorological variables are averaged. This procedure yields
17,544 hourly timestamps, of which 17,520 remain after removing rows without a complete
H24 target. The detailed harmonization protocol, site capacities, and capacity-state audit
are provided in Supplementary Tables S1, Sla, and S1b.

The use of these two datasets follows the leakage-safe design shown in Figure 1. The
main dataset is split chronologically into training, validation, and internal test subsets,
whereas the external SCADA dataset remains locked until the final evaluation stage. This
protocol follows the prepared pipeline, where the Mendeley data are used for chronological
train—validation-internal test splitting and the Figshare/Chinese State Grid SCADA data
are reserved only for locked external validation.

Pretraining Research Pipeline for Calibrated Multihorizon Solar-Wind Forecasting

Dataset Roles and Variables Leakage-Safe Pipeline Before Model Training

List: Predictor Inputs X (422 Engincered Features) Official Raw Data Step 1. English Schema Harmonization
Mendeley hourly solar-wind records —> Map raw columns to unified public names
« Core weather: temperature, specific humidity, relative humidity, and air Figshare SCADA data at 15 min resolution Power, weather, and timestamp schema
density
* Renewable resources: ground irradiance, atmospheric irradiance, and
wind speed
* Generation memory: solar, wind, and total lags, rolling summaries,

volatility, and ramps Step 3. Locked Data Roles Step 2. Temporal Integrity

. -[-L.mp‘;n] seasonality: hour, day-of-year, month, and season sine/cosine [T1 Chronological train — validation — internal test split €~ Hourly main data; external SCADA resampled to hourly
el : o ’ External set stays locked Duplicate and missingness audit

*Ph s transforms: solar irradiance gate, wind power curve basis, and

density-adjusted wind speed cubed

« Cross-weather inte: dianc

and

relative humidity terms Step 6. Fixed EDA Predictor Set

« Complete model input: all 422 causal engineered predictors, with full Step 4. Causal Feature Engineering | | Step S. Physics-Informed Transforms | | oy ic1e Core Predictor Set with
CSV audit saved |, Lag rolling, ramp, volatility, and pv®, solar irradiance gate, power-curve T
Cot AL . e Full 422-feature tables saved
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List: Forecast Targets Y (15 Target-Horizon Tasks)
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fitted objects
* Audit-only metadata: no site or phic shortcut predictors Pretraining Artifact Audit
* Raw official files remain only in dataset Split integrity tables, feature dictionaries, EDA matrices, and visual QA outputs

Figure 1. Leakage-safe data construction pipeline for calibrated multi-horizon solar-wind forecasting.
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The pipeline includes schema harmonization, temporal integrity checks, locked data
roles, causal feature engineering, physics-informed transformations, train-only prepro-
cessing, multi-horizon target construction, external harmonization lock, and model-ready
matrix generation.

4.2. Leakage-Safe Data Construction

A central methodological requirement of the study is to prevent information leak-
age. The data preparation procedure was therefore designed so that no future observa-
tion, internal test information, or external validation information could affect training or
model selection.

The raw data were first harmonized into a unified English schema. The working
variables included timestamp, solar power, wind power, total power, wind speed, air
density, temperature, humidity, ground irradiance, atmospheric irradiance, and derived
calendar indicators. The external SCADA data were resampled from 15-min frequency to
hourly resolution in order to match the temporal frequency of the main dataset.

After harmonization, the main dataset was split chronologically into training, valida-
tion, and internal test subsets. No random shuffling was used. This is important because
random splitting in time-series forecasting may mix past and future observations and lead
to overly optimistic performance estimates. The validation subset was used within the
predefined optimization, checkpoint-selection, hybrid-selection, and calibration protocol.
Prespecified architecture and fixed hyperparameter settings were not selected using the
internal test or locked external validation data.

All preprocessing operations that may influence model performance were fitted only
on the training data. These operations included train-defined clipping thresholds, me-
dian imputation, scaling, normalization, and feature filtering. The fitted preprocessing
objects were then applied without refitting to the validation, internal test, and external
validation subsets. The 1309 validation observations were also kept chronological: the first
785 observations were used for optimization and hybrid combination, whereas the final
524 observations were used for final hybrid-configuration selection and residual-quantile
calibration. The internal test and locked external SCADA data were not used to compute
calibration quantiles or to refit preprocessing parameters.

The model information set contains only values available no later than the forecast
origin t: current observations, historical lags, shifted rolling statistics, ramp descriptors,
and calendar features. Neither future observed meteorological variables at t + h nor
numerical weather-prediction trajectories for H1-H24 are used. The experiment therefore
represents multi-horizon forecasting from historically available information, not a complete
operational day-ahead system driven by future numerical weather forecasts. This restriction
is particularly important for interpreting H12 and H24 results.

4.3. Feature Engineering and Target Construction

This subsection defines the complete causally admissible predictor set and the construc-
tion of the 15 target-horizon combinations. All feature transformations are formed before
future-target shifting and use only information available no later than the forecast origin.

The physics-informed representation is formed directly from meteorological variables
observed at forecast origin t and does not use information from future time points.

For ground solar irradiance G;, temperature Ty, specific humidity g;, relative humidity
RH;, wind speed vy, and air density g;, the implemented physics-informed transformations
are defined as follows:

M = G, (19)
A = Gy, RH) — G RH,, (20)
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xgvp) = Uipt, xlgvz) = v%, x§y3) = v?, (21)
3

) = pio}. (22)

A smooth solar-irradiance gate is defined as

(5) _ 1
= , 23
8 T T+ exp[—0.02(Gy — 20)] (23)

and the nonlinear wind power-curve basis as

(w) _ 1
= . 24
81 1+ exp[—(vt —7)] @)

The following regime indicators are additionally used:

ry = H(Gt S 20), H(Ut S 3), H(Ut Z 12), H(RHt Z 080) (25)

These transformations do not replace a deterministic photovoltaic-panel or wind-
turbine model. Their role is to introduce physically motivated structure into the statistical
predictor space.

The final predictor space contains 422 engineered features. These features were
constructed from several information groups:

—  meteorological variables;

—  renewable-resource variables;

— historical generation values;

— lagged and rolling statistics;

- ramp and volatility descriptors;

- cyclic calendar indicators;

—  physics-informed transformations;
—  cross-weather interaction terms.

The meteorological group includes temperature, humidity-related variables, air den-
sity, wind speed, and irradiance-related variables. The generation-memory group includes
lagged solar, wind, and total generation values, together with rolling summaries and
ramp indicators. The temporal group represents hour, day-of-year, month, and seasonal
cycles using cyclic encodings. The physics-informed group includes irradiance-based solar
transformations and wind-speed/air-density transformations inspired by the nonlinear
structure of wind power. The cross-weather group includes irradiance-temperature and
irradiance-humidity interaction terms.

The feature engineering stage is not intended to impose a complete physical model
of renewable generation. Rather, it introduces physically meaningful inductive bias into
the statistical learning problem. Solar-related features emphasize irradiance and daylight
behavior, while wind-related features emphasize wind speed, air density, and power-curve-
like nonlinearities. This is important because the two energy sources have different physical
mechanisms and different uncertainty structures.

For the main article, the full 422-dimensional predictor space is used in modeling. A
smaller article-core subset may be used only for visualization and interpretability. It does
not replace the complete model input. The pipeline explicitly records the full engineered
feature space and the feature dictionaries as part of the pretraining artifact audit.

The forecasting task is defined as a multi-output target-horizon problem. Three target
families are considered: solar generation, wind generation, and total renewable generation.
For each target family, five forecast horizons are constructed: H1, H3, H6, H12, and H24,
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corresponding to forecasts 1, 3, 6, 12, and 24 h ahead. This gives 15 target-horizon tasks
in total.

The target matrix is constructed after causal feature engineering. This order is im-
portant: if target shifting were performed before feature construction without proper
safeguards, future information could enter lagged or rolling predictors. In the implemented
pipeline, future targets are shifted only after the causal predictor rows have been created,
which prevents target leakage.

The final model-ready data dimensions and chronological split boundaries are sum-
marized in Table 2.

Table 2. Model-ready split structure and target-horizon design.

Split Rows Start End Role
Train 6109 1January 2019 08:00:00 > Segge:(r;(‘)l:’oeg 2019 Model fitting
Widaion  tup 2P Noyonber2ol Chrloilopimizatn ybrid sl
Internal test 1310 6 NO;’&I&E 85 2019 30 Dezc3e: ggbg é 2019 Final internal evaluation
External locked 17,520 1] a(r)l (1)1 86?703019 30 DQZC; gabg é 2020 Final external validation

The final predictor matrix contains 422 engineered features, and the target matrix
contains 15 target-horizon variables. The chronological split boundaries and matrix dimen-
sions follow the model-ready data summary in the technical document.

4.4. Proposed PI-BHTF Model
4.4.1. Model Overview

The proposed model, denoted as PI-BHTF, is a Physics-Informed Bayesian Hybrid
Temporal Forecaster designed for calibrated multi-horizon renewable-generation forecast-

ing. The model receives a leakage-safe engineered predictor vector x; € R22

and produces
a 15-dimensional output corresponding to solar, wind, and total renewable generation at
horizons H1, H3, H6, H12, and H24.

The architecture is based on four principles. First, the input space is divided into
physically meaningful feature groups instead of being processed as a single homogeneous
vector. Second, each feature group is encoded by a separate nonlinear branch. Third,
solar and wind representations are combined through a cross-energy gate to represent
interactions between the two renewable sources. Fourth, the neural core outputs condi-
tional means and heteroscedastic variances for uncertainty characterization; after hybrid
point-forecast formation, the final interval is constructed separately using chronological
residual calibration.

The internal structure of PI-BHTF is summarized in Figure 2.

The model partitions the 422-dimensional engineered input vector into solar, wind,
temporal-calendar, and cross-context branches; applies parallel encoders; uses cross-energy
gated fusion; and produces 15-dimensional mean and log-variance outputs. Monte Carlo
dropout characterizes epistemic variability in the neural core, whereas the final hybrid 90%
interval is obtained separately through chronological residual correction.
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PI-BHTF Internal Architecture: Physics-Informed Bayesian Hybrid Temporal Forecaster

List: Executed Architecture Parameters

« Input dimension: d = 422 engineered
predictors

« Branch sizes: solar 112; wind 117; time 8;
cross-context 185

« Hidden width: 96; dropout: 0.10; activation:
SiLU

« Output dimension: 15 = 3 target families x
5 horizons

« Bayesian uncertainty: heteroscedastic
log o2 head + MC dropout, S = 30

« Objective: heteroscedastic NLL + 0.15
physics penalty

« Conformal correction: validation-calibrated
90% residual quantiles

Scaled Input Vector |
| = € RBx42 /

“/ Feature groups routed by semantic names |
[ |
Semantic Feature Partition

solar | wind | time | cross-context
No geographic shortcut variables

[
| I

Parallel Branch Encoders Encoded State Concatenation
[s,w,t,c] € RBx384
Solar Branch
z, € RBx112
Linear 112—96 — LayerNorm — SiLU — Dropout Cross-Energy Gate
Linear 96—96 — SiLU Linear 384—96 — SiLU — Linear 96—192 — Sigmoid
[8, W]gated = g © [5,w]
N
Wind Branch
z, € RBX1T Hybrid Fusion MLP
Linear 117—96 — LayerNorm — SiLU — Dropout [s,w,t, ¢, [5, ] gatea] € RS0
Linear 96—96 — SiLU Linear 576—288 — LayerNorm — SiLU — Dropout
Linear 288—192 — SiLU — Dropout
Bayesian Predictive Heads
—p! ( N\
Tempnraalp-C:I?Ig:r Branch Mean Head
e Linear 192—15
| — Hour, annual, monthly, and seasonal cycles o ~ pBx15
Linear 8596 — LayerNorm — SiLU — Dropout YeR
Linear 96—96 — SiLU )
- Log-Variance Head
Linear 192—15
logo? € [~7.0,2.5]
Cross-Context Branch
z. € REX188 Uncertainty and Interval Output
Meteorology, lags, rolling summaries, ramps MC dropout posterior samples, S =30
Linear 185—96 — LayerNorm — SiLU — Dropout Conformal residual correction for calibrated 90% intervals
Linear 96—96 — SiLU

/ Final PI-BHTF Outputs [
Solar, wind, and total generation /

/ H1, H3, H6, H12, H24

/ ¥, Loo, Uy € RE*15 /

Figure 2. Internal architecture of the proposed PI-BHTF model.

4.4.2. Semantic Feature Partition

The input vector is divided into four disjoint semantic groups:
xe = [xf, x, xf, xt], (26)
The implemented branch dimensions are as follows:
X € R!2, xP e R, xf € RS, xé € R, 27)
The four branch dimensions sum to the complete 422-dimensional input space:
112 + 117 + 8 + 185 = 422. (28)

Feature routing is deterministic after construction of the complete predictor set. The solar
branch contains solar generation, irradiance, daylight-regime variables, and their corre-
sponding lagged and rolling characteristics (112 features). The wind branch contains wind
speed, air density, wind generation, and their corresponding lagged and rolling charac-
teristics (117 features). The temporal-calendar branch contains hourly, annual, monthly,
and seasonal cyclic features (8 features). The cross-context branch contains the remaining
meteorological variables, total-generation lags, rolling summaries, ramp descriptors, and
interaction features (185 features). Thus, source-specific solar and wind lagged features
are routed to the corresponding specialized branches, whereas general and total temporal
descriptors remain in the cross-context branch.
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4.4.3. Branch Encoders

Each feature group is passed through a separate nonlinear encoder. For a branch
k € {s,w, T,c}, the encoded representation is defined as

hf = Ey (X’E), (29)

where Ej(-) denotes a branch-specific feed-forward encoder. In the implemented model,
each encoder maps its input to a hidden representation of width 96 using linear layers,
layer normalization, SiLU activation, and dropout:

B () =pe(ho),  mEeR® (30)
The four encoded branch states are concatenated as follows:
he = [, hif, i, ] € RO (31)

4.4.4. Cross-Energy Gated Fusion

To represent interactions between solar and wind components, PI-BHTF uses a cross-
energy gate. The gate is computed from the concatenated encoded state:

qt = G(ht) = a(WgQ(p(Wg,lht + bg,l) + bg,Z)r (32)
where ¢(+) is the SiLU activation, o(-) is the sigmoid function.
The gate has dimension g; € R192, (33)

The gate is applied to the concatenated solar-wind representation:

~SW

he = qOhi, by (34)
The final fusion vector is constructed as
~SW
= {ht, hy ] € R, (35)
The hybrid fusion multilayer perceptron produces

ur = F(ry) € R%2, (36)

4.4.5. Bayesian Predictive Heads

The fused representation is passed to two predictive heads, one for the conditional
mean and one for the log-variance.
The first predictive head estimates the conditional mean vector:

pe(xt) = Wyuy + b, € R, (37)
The second predictive head estimates the log-variance vector:

no(xt) = Wyuy + by € R (38)
The conditional variance is obtained by exponentiation:

o5 (xt) = exp(1g(x1)). (39)
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It is important to clarify that PI-BHTF is not a full Bayesian neural network in the strict
posterior-inference sense. Rather, it uses a Bayesian approximation based on heteroscedastic
predictive heads and Monte Carlo dropout. This is a practical uncertainty-estimation strat-
egy suitable for multi-output forecasting under moderate data size and high-dimensional
engineered predictors.

4.4.6. Objective Function

The model is trained by minimizing the heteroscedastic negative log-likelihood over
all target-horizon components. For one sample f and one target-horizon component j, the
heteroscedastic negative log-likelihood is

2
1 Yij — Hij
ENLL (yt,j, Hijr at%j) =5 log (th/]« + # ) (40)
O
For the full training set and all 15 target-horizon components, the average heteroscedastic
loss is

1 15 )

LNLL = 277 ONLL Yejs Hejr O )- (41)
15 ‘ Dtrain |t€DZuain J;] (yt,] i t,])

A physics-consistency penalty is used as a soft structural regularizer between the sepa-
rately predicted solar, wind, and total targets. The scaling weights are computed exclu-
sively from the power-normalization constants obtained on the training set; they are not
trainable parameters.

ws = c i o = 0.4733720678,
Wy = Cw_ _ = 0.5266279322, (42)
Cs + Co
Here the training-derived normalization constants are C; = 4342.518250 and

Cw = 4831.065375, which yield ws = 0.473372 and wy, = 0.526628, with ws + wy= 1. These
weights are not learned and are not determined from the internal test or external valida-
tion data.

For the horizon set H = {1, 3, 6, 12, 24}, the physics-consistency term is

O?ZZ [max (0| y,k], (43)

where 3, j,, W1y, and §;,j, denote the predicted solar, wind, and total renewable generation

i=1heH

at horizon h. The coefficients w; and wy, are used to account for the scale relationship
between the component targets and the total-generation target after normalization.

L= LN+ )‘physﬁphyS/ Aphys = 0.15. (44)

where Appys = 0.15 in the implemented model.
The coefficient Appys
before model-quality evaluation. No grid search or other selection of this coefficient was

= 0.15 was fixed a priori in the main experimental configuration

performed on the basis of validation MAE, the internal test, or locked external validation.
With Aphys kept unchanged at 0.15, the chronological validation segment was used only to
monitor training, select the saved checkpoint, and apply early stopping. The Appys = 0 con-
figuration was introduced later solely as a component-wise ablation and did not participate
in selecting the parameters of the main PI-BHTF model. A hard equality is not imposed
because solar, wind, and total generation are modeled as separate normalized target tasks,
and the main and external datasets use different power-scaling schemes.
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The role of the physics penalty is not to impose a rigid physical equality after normal-
ization. Instead, it acts as a soft regularization term that discourages internally inconsistent
forecasts across solar, wind, and total generation outputs. This is important because total
generation is treated as a separate target family, but it remains physically related to the
component sources.

4.4.7. Monte Carlo Dropout, Neural-Core Uncertainty, and Conformal Calibration

Dropout remains active during inference, and S = 30 stochastic forward passes are
generated for each input.
For stochastic forward pass 1, the neural core produces

S
{ ul (xt)}rzl, S = 30. (45)
For the neural core, two uncertainty sources are distinguished.

The Monte Carlo predictive mean is

— 1s r
=gl - (46)

Epistemic variance is estimated from the variability of the conditional means:

Ui = Var,_y s (]457))- (47)

Input-dependent aleatoric variance is obtained from the heteroscedastic head:

1 S
s = 5 L oxp (1) (48)

The total predictive uncertainty of the neural core is summarized as

— 2 2
Upred,t = \/ Crepi,t + Tale,t (49)

These quantities characterize the uncertainty-aware neural core. They should not be
confused with the final hybrid PI-BHTF interval because the full probabilistic distributions
of the individual base models are not propagated through the final stack.

Calibration is performed on a chronologically held-out validation segment.

The 1309 validation observations were kept in chronological order. The first 785 ob-
servations were used for model optimization and hybrid combination, whereas the final
524 observations formed the calibration subset D.;, which was used for final hybrid-
configuration selection and residual-quantile calibration. Neither the internal test set nor
the locked external SCADA dataset was used to compute these quantiles or for recalibration.

Dya = Dopt U Dcal

where | Doyt | =785, Dopt = 524.
For each target-horizon component j, absolute validation residuals are computed on
the chronological calibration segment as

cal

I I
ey = lyej — g |- (50)

The conformal correction is the empirical (1 — a)-quantile of the chronological calibra-
tion residuals:

9 = Qi ({etvj;l te Dval}). (1)
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For nominal 90% intervals, « = 0.10.
At the neural-core level, the residual-adjusted interval is
0.90 = 090 - 0.90
;7" = [l‘t,j =47 Myt } (52)
The neural-core output consists of the point forecast and interval bounds:
(y},j, L9, u?fo), j=1,...,15. (53)

The residual correction is fitted only on the final chronological calibration segment and
is not refitted on the internal test or external validation data. PICP90 is therefore interpreted
as empirical held-out coverage rather than as an unconditional finite-sample guarantee
under temporal dependence or cross-domain distribution shift.

4.4.8. Final Hybrid Forecast and Residual Calibration

After the hybrid point forecast has been formed, the complete predictive distributions
of the individual base models are not propagated through the stack. The final PI-BHTF
interval is therefore constructed as a residual-conformal adjustment around the final hybrid
forecast, using the chronological calibration residuals:

Here, qutgl i denotes the empirical 0.90 quantile of the absolute residuals of the final
hybrid point forecast computed on the calibration subset D,;.

The final hybrid PI-BHTF interval is

ZE O = (a0 a1y + o | 64

This distinction separates the roles of the uncertainty components: the heteroscedastic
head represents input-dependent aleatoric uncertainty in the neural core, Monte Carlo
dropout represents epistemic variability, and the final conformal layer performs an empiri-
cal coverage correction around the hybrid point forecast. Component-wise results for these
blocks are reported in Section 5.6.

4.5. Experimental Design

The experimental design compares PI-BHTF with statistical, boosting, probabilistic,
and neural models under common chronological splits and a common target-horizon
definition. Validation data are used only within the predefined optimization, checkpoint-
selection, hybrid-selection, and calibration protocol; the internal test and locked external
datasets are not used to tune hyperparameters.

4.5.1. Baseline Models

The proposed PI-BHTF model was evaluated against several groups of baseline models.
The comparison was designed to avoid weak-baseline evaluation and to determine whether
the proposed framework remains competitive against classical, probabilistic, boosting, and
neural forecasting approaches.

The first group included simple forecasting references, such as persistence, seasonal
persistence, and rolling-mean baselines. These models served as basic reference points for
interpreting the difficulty of the forecasting task.

The second group consisted of linear and regularized statistical models, including
Ridge regression, ElasticNet, and Bayesian Ridge. These models were included because
renewable-generation time series often contain strong autoregressive and exogenous struc-
ture, which can sometimes be captured effectively by regularized linear predictors.
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The third group included tree-based ensemble and gradient-boosting models, such
as Random Forest, ExtraTrees, HistGradientBoosting, XGBoost, LightGBM, and CatBoost.
These methods are strong tabular baselines because they can model nonlinear feature
interactions and heterogeneous engineered predictors.

The fourth group consisted of probabilistic and quantile-oriented models, including
quantile gradient boosting and related median or interval forecasting variants. These
models were used to compare PI-BHTF with uncertainty-aware alternatives.

The fifth group included neural forecasting models such as ResidualMLP, GRU,
NBEATSStyleCompact, SAINTStyleCompact, and a compact TFT-inspired attention model.
The labels ‘NBEATSStyleCompact’, ‘SAINTStyleCompact’, and “TFTInspired Attention’
denote controlled compact implementations of architectural ideas rather than claims of full
industrial-scale reproduction of the original architectures [11,12].

All main comparative models used the same causally admissible matrices, with the
specific exception that QuantileGradientBoostingMedian used 80 predictors selected using
training data only. Hyperparameters were fixed before internal-test and external evaluation.
LightGBM used 220 trees with learning rate 0.045; CatBoost used 220 iterations, depth
5, and learning rate 0.045; HistGradientBoosting used 160 iterations, learning rate 0.06,
and 31 leaf nodes; and XGBoost used 180 trees, depth 4, and learning rate 0.045. Exact
architecture and reproducibility details are given in Supplementary Table S2.

For ResidualMLP, GRU, NBEATSStyleCompact, and SAINTStyleCompact, the com-
mon neural protocol used AdamW with learning rate 1073, weight decay 104, batch
size 128, a maximum of 18 epochs, and early stopping with patience 3. PI-BHTF used its
prespecified probabilistic training regime with learning rate 0.0015, weight decay 1074,
batch size 256, a maximum of 140 epochs, patience 18, dropout 0.10, and /\phys = 0.15.
Repeated-seed evaluation used the three fixed seeds 20,260,621, 20,260,622, and 20,260,623;
no seed was discarded or selected after inspecting the internal-test or external results. The
PI-BHTF value Appys
validation was used at this fixed value for training monitoring, checkpoint selection, and

= 0.15 was fixed a priori and was not tuned using validation results;

early stopping.

4.5.2. Point Forecasting Metrics

Point forecasting performance was evaluated separately for each of the 15 target—
horizon components. The main point forecasting metrics were MAE, RMSE, nRMSE,
MASE, and R?. MAE and RMSE were used to measure absolute and squared-error accuracy.
nRMSE was used to compare errors across target variables with different empirical scales.
MASE was included because it evaluates model error relative to a naive forecasting refer-
ence and is therefore useful when several target variables and horizons are compared jointly.
R? was used to measure the proportion of explained variance in each target-horizon task.

The metrics were computed first for each individual target-horizon component and
then summarized across target families and horizons. This procedure prevents strong
performance on one target or horizon from hiding weak performance on another.

4.5.3. Interval and Calibration Metrics

Because the proposed framework produces prediction intervals, interval quality was
evaluated together with point accuracy. The main interval and calibration metrics were
PICP90, Mean Interval Width, and Winkler score [24].

PICP90 measures the empirical coverage of the nominal 90% prediction intervals.
Mean Interval Width measures the average width of the predicted intervals and is used
to assess sharpness. The Winkler score combines coverage and sharpness by penalizing
intervals that are too wide or fail to contain the observed value.
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These metrics are important because high coverage alone is not sufficient. A model
can achieve high coverage by producing very wide intervals, but such intervals may be
operationally uninformative. Therefore, interval quality was interpreted as a trade-off
between empirical coverage and interval sharpness.

4.5.4. Statistical Testing Procedure

Statistical testing was used to assess whether observed differences in forecasting error
were stable under paired comparison. For each model pair, absolute errors were compared
at the same timestamps and for the same target-horizon components.

The statistical analysis included paired t-tests, Wilcoxon signed-rank tests, Diebold—
Mariano tests with Newey—West correction [25,26], bootstrap confidence intervals [27],
and Holm correction for multiple comparisons [28]. Comparisons were performed on
errors matched by timestamp and target-horizon task. The paired mean MAE difference is
reported as an effect magnitude together with its bootstrap confidence interval. Newey—
West correction addresses temporal dependence in the Diebold-Mariano comparison, while
Holm adjustment controls the stated family of multiple pairwise significance tests.

The statistical tests were used to support cautious interpretation of model differences.
They were not used to claim universal superiority of one model across all targets, horizons,
and validation settings.

4.5.5. Ablation Study

The revised ablation study evaluates PI-BHTF components separately. For the final
hybrid model, the tested removals are physics-informed features, semantic branch separa-
tion, the cross-energy gate, and the physics-consistency loss. For the neural core, the tested
removals are the heteroscedastic head, Monte Carlo stochastic inference, and conformal
correction. This design separates architectural and uncertainty-estimation effects that were
combined in the earlier ClassicalStack, NeuralAugmented, and NeuralOnly variants.

The ablation results are interpreted using internal MAE, external MAE, external R?,
external PICP90, and mean interval width. The analysis does not assume that every physics-
informed component must independently reduce point error; negative ablation results are
retained and interpreted as evidence about the actual role of each component.

The ablation analysis was treated as a robustness check rather than as a standalone
ranking exercise.

4.5.6. Evaluation Protocol

The full evaluation protocol was organized as follows. First, all models were trained
using the same training split and the same leakage-safe feature matrix. Second, the valida-
tion set was used for model selection, hyperparameter decisions, and conformal calibration.
Third, final point and interval metrics were computed on the internal chronological test
set. Fourth, the locked external SCADA dataset was evaluated only after model selection
and calibration had been completed. Fifth, statistical tests were applied to paired error
sequences to support cautious interpretation of performance differences.

This protocol ensures that model comparison is based on the same data construction
process, the same target-horizon structure, and the same external validation restrictions.

5. Results
5.1. Internal Chronological Test Results

Table 3 summarizes the internal chronological test results across the evaluated target—
horizon tasks. The comparison shows that the proposed PI-BHTF family achieved the
strongest average performance among the evaluated models on the internal test set. The
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best average MAE values were obtained by PI-BHTF ClassicalStack, PI-BHTF Neural Aug-
mented, and the full PI-BHTF model, all of which remained close to 0.080. The nearest
boosting competitors were LightGBM and HistGradientBoosting, with average MAE values
of approximately 0.082 and 0.083, respectively.

Table 3. Summary of internal chronological test performance by model family.

Model Model Family Mean MAE Main Interpretation
PI-BHTF ClassicalStack PI-BHTF variant 0.080 Best internal average performance
PI-BHTF Neural Augmented PI-BHTF variant 0.080 Comparable to the best hybrid configuration
PI-BHTF Proposed model 0.080 Strong overall balance across targets and horizons
LightGBM Boosting 0.082 Strongest boosting competitor
HistGradientBoosting Boosting 0.083 Competitive classical ensemble
XGBoost Boosting 0.084 Strong but slightly weaker than LightGBM
QuantileGradientBoostingMedian ~ Probabilistic/quantile 0.086 Competitive interval-oriented baseline
ResidualMLP Neural baseline 0.088 Strong neural baseline
PI-BHTF NeuralOnly PI-BHTF variant 0.089 Weaker than hybrid PI-BHTF variants

The internal results indicate that the hybrid PI-BHTF configurations are competitive
with the strongest internal baselines. The NeuralOnly variant remains competitive but
does not match the hybrid configurations. This comparison should not be interpreted
as evidence that every constituent component independently reduces error; the separate
component-wise ablation in Section 5.6 evaluates those effects directly.

At the horizon level, PI-BHTF variants were strongest for H1-H6 and H24. At H1,
PI-BHTF achieved MAE close to 0.022 and R? close to 0.965, indicating very strong short-
term accuracy. At H3 and H6, PI-BHTF ClassicalStack achieved the lowest MAE values
among the compared models. At H12, HistGradientBoosting produced the lowest MAE,
but PI-BHTF variants remained competitive and showed favorable RMSE and R? behavior.
At H24, PI-BHTF ClassicalStack again achieved the lowest MAE, followed closely by the
full PI-BHTF model.

These results show that the proposed framework is not uniformly dominant at every
horizon, but it provides the strongest overall internal balance across the 15 target-horizon
tasks. This is important because the study is designed to evaluate structured target-horizon
performance rather than a single aggregated forecasting task.

5.2. Locked External Validation Results

Table 4 reports the locked external validation results. The external validation set
represents a more difficult evaluation scenario because it comes from an independent
SCADA source and was not used for training, model selection, preprocessing adaptation,
or calibration. Therefore, external performance is interpreted as evidence of transferability
rather than only in-sample forecasting accuracy.

Table 4. Summary of locked external validation performance by model family.

Model Model Family Mean MAE Main Interpretation
PI-BHTF Neural Augmented PI-BHTF variant 0.069 Among the best external models
PI-BHTF ClassicalStack PI-BHTF variant 0.069 Strong external transferability
SAINTStyleCompact Compact neural/tabular 0.069 Strongest external competitor
transformer
PI-BHTF Proposed model 0.070 Competitive, but not sole external leader
GRU Temporal deep learning 0.071 Strong medium-horizon behavior
CatBoost Boosting 0.072 Strong external boosting baseline
NBEATSStyleCompact Compact neural forecasting 0.074 Competitive neural baseline
QuantileGradientBoostingMedian Probabilistic/quantile 0.075 Stable interval-oriented baseline
LightGBM Boosting 0.080 Weaker external transfer than internal test
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The external validation results show a more complex pattern than the internal test
results. The proposed PI-BHTF model remains among the best-performing approaches,
but it is not the unique best model on the external dataset. PI-BHTF Neural Augmented,
PI-BHTF ClassicalStack, and SAINTStyleCompact achieved very similar average MAE
values, all close to 0.069. The full PI-BHTF model achieved an average MAE close to 0.070,
which remains competitive and clearly better than LightGBM on the external dataset.

The horizon-wise external results show that the best model depends on the forecast
horizon. At H1, ElasticNet achieved the lowest external MAE, indicating that short-term
external forecasting contains a strong linear autoregressive-exogenous component. At
H3, PI-BHTF ClassicalStack achieved the best MAE. At H6 and H12, compact neural and
recurrent models, including SAINTStyleCompact and GRU, were stronger. At H24, PI-
BHTF ClassicalStack achieved the lowest MAE, followed closely by the full PI-BHTF model.

To summarize the external transferability of the evaluated models, Figure 3 shows
the ranking of model families by mean MAE on the locked external validation set. This
comparison is important because the external SCADA data were not used for training,
preprocessing adaptation, model selection, or calibration. Therefore, the ranking reflects
how well each model transfers to an independent renewable-generation data source.

Locked External Validation MAE Ranking

0.069
0.069
0.069

PI-BHTF 0.070

GRU 0.071

CatBoost 0.072

0.074

0.075
ExtraTrees 0.076
XGBoost 0.077
0.079

LightGBM 0.080

0.00 0.02 0.04 0.06 0.08
Overview mean MAE across target—horizon tasks

Figure 3. Model ranking by mean MAE on locked external validation.

Figure 3 presents the ranking of evaluated models by mean MAE on the locked
external validation set. The results show that PI-BHTF variants remain among the strongest
models under external validation. PI-BHTF NeuralAugmented, PI-BHTF ClassicalStack,
and SAINTStyleCompact achieved the lowest average external MAE, while the full PI-
BHTF model remained very close to the leading group.

This horizon-dependent behavior is important. It shows that external forecasting
should not be interpreted through one average metric alone. The proposed model is
especially valuable in longer-horizon and total-generation settings, but some baseline
models remain stronger for selected short- and medium-horizon tasks.
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For the locked external SCADA data, normalized errors were also converted to physi-
cal units using the installed capacity associated with the future target timestamp ¢ + k. The

conversion is
norm ANOY

MW
e = | Yen  —Yin "Crpn- (55)
and the capacity-normalized percentage error is
MW

o e
el"C =100, (56)
§ Crin

Capacity at t + h, rather than at the forecast origin, was used for all 15 target-horizon
tasks. This conversion is applied only to the external SCADA dataset, which contains
physical installed-capacity metadata. For PI-BHTEF, external MAE corresponds to 3.9% of
installed solar capacity at H1, reaches 11.7% of installed wind capacity at H12, and is 2.3%
of total installed capacity at H1. Full target-wise physical-unit results and model averages
are reported in Supplementary Tables S5 and S5a and Figures S1-S3.

5.3. Target—Horizon Behavior of PI-BHTF

The target-horizon analysis of PI-BHTF shows different behavior for solar, wind, and
total renewable generation. On the internal chronological test set, the model achieved
strong H1 performance for all three target families. The R? values remained high at
H1, reaching approximately 0.959 for solar generation, 0.970 for wind generation, and
0.966 for total generation. At longer horizons, performance decreased, especially for wind
generation, which is expected because wind dynamics are more irregular and more sensitive
to regime changes.

On the locked external validation set, PI-BHTF achieved the most stable behavior for
total renewable generation. External MAE for total generation was approximately 0.023 at
H1, increased to approximately 0.064 at H6, and then remained around 0.059-0.061 at
H12-H24. Solar MAE was approximately 0.039 at H1, reached approximately 0.086 at H6,
and decreased to approximately 0.051 at H24. Wind generation remained the most difficult
target family, with MAE values increasing from approximately 0.069 at H1 to approximately
0.117 at H12, before decreasing slightly at H24.

To provide a more detailed view of the proposed model across all target-horizon tasks,
Figure 4 presents the internal chronological test performance of PI-BHTF for solar, wind,
and total renewable generation. The figure reports the main point and interval metrics
across H1, H3, H6, H12, and H24. This visualization makes it possible to identify not
only the average behavior of the model, but also the specific targets and horizons where
forecasting becomes more difficult.

Figure 4 shows the target-horizon performance profile of PI-BHTF on the internal
chronological test set. The heatmaps report MAE, RMSE, nRMSE, MASE, R?2, and PICP90
for solar, wind, and total generation across H1, H3, H6, H12, and H24. The results show
that short-horizon performance is strongest at H1, while errors increase at longer horizons,
especially for wind generation.

These results suggest that the proposed architecture is more stable for total renewable
generation than for individual wind generation. This can be explained by the fact that total
generation combines two energy sources, and the cross-energy representation may help the
model learn compensating patterns between solar and wind components.
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Figure 4. Target-horizon performance of PI-BHTF on the internal chronological test set.

5.4. Interval Coverage and Calibration

The interval results show heterogeneous empirical calibration rather than uniformly
calibrated uncertainty. On the internal chronological test, PICP90 is generally between
approximately 0.87 and 0.95. On locked external validation, the mean PICP90 of the final
PI-BHTF is 0.931648, but coverage differs substantially across target-horizon tasks. These
values are interpreted as empirical held-out coverage, not as unconditional conformal
guarantees under temporal dependence and domain shift.

The most pronounced external calibration deficit occurs for Wind H1, where PICP90
is approximately 0.65, about 25 percentage points below the nominal 0.90 level. Solar
H1 is also undercovered at approximately 0.77. At longer horizons the pattern reverses:
Wind H12-H24 reaches approximately 0.99, and Total H12-H?24 reaches approximately
1.00, indicating conservative rather than optimally sharp intervals.

The external PICP90 results by target family and forecast horizon are summarized in
Table 5.

Table 5. External PICP90 behavior of PI-BHTF by target family and horizon.

Target Family H1 H3 Heé H12 H24 Interpretation
Solar 0.77 0.94 0.89 0.97 0.97  Undercoverage at H1, conservative at long horizons
Wind 0.65 0.95 0.97 0.99 0.99 Strong undercoverage at H1, high coverage later
Total 0.93 0.97 0.98 1.00 1.00 High and conservative coverage

This pattern shows that fixed residual calibration improves coverage but does not
remove temporal dependence or external distribution shift. In the neural-core ablation,
removing conformal correction changes external PICP90 from 0.996465 to 0.923059 while
reducing mean interval width from 0.656041 to 0.376986; the corresponding Winkler score
changes from 0.659115 to 0.454233. Thus, increased empirical coverage is obtained at
the cost of wider intervals. Conformalized quantile regression [10], block-based calibra-
tion, rolling calibration, and adaptive conformal methods are therefore considered as
future alternatives.
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5.5. Statistical Testing

Statistical tests were applied to errors matched by timestamp. On the internal chrono-
logical test, the mean paired MAE improvement of PI-BHTF relative to LightGBM is
0.001769095462. The paired t-test gives p = 0.000000330356, and the Wilcoxon signed-rank
test gives p = 0.000000342344; after Holm correction, the adjusted value for these compar-
isons is p_Holm = 0.000000991069. The Diebold-Mariano test with Newey—West correction
gives p = 0.049696875681. The 95% block-bootstrap confidence interval for the mean paired
difference is [—0.000045701421, 0.003578161917] and includes zero. The aggregate internal
effect is therefore characterized as small rather than as a large practical advantage.

On locked external validation, the mean paired difference relative to SAINTStyleCom-
pact in the saved comparison is —0.000259171734. The paired t-test gives p = 0.080818669291,
the Wilcoxon test gives p = 0.063541241550, and the Holm-adjusted value is
p_Holm = 0.190623724651. The Diebold-Mariano test with Newey—West correction gives
p = 0.537440659450. The 95% block-bootstrap confidence interval [—0.001072744012,
0.000584046637] includes zero. Thus, the saved aggregate comparison does not support a
stable external superiority of either model. Full statistical evidence, including test statistics
and adjusted p-values, is provided in Supplementary Table S4a.

The component-wise ablation and repeated-seed analyses are reported separately
in Sections 5.6 and 5.7 so that architectural effects are not conflated with one-off
model rankings.

Together, the statistical results support a cautious interpretation of the relatively small
aggregate differences among leading configurations and motivate the component-wise and
repeated-seed analyses that follow.

5.6. Component-Wise Ablation Analysis

Table 6 reports separate removals of the requested architectural, physics-informed,
and uncertainty components. The results do not support the assumption that every physics-
informed component independently improves point accuracy. The clearest positive archi-
tectural result is semantic feature partitioning: removing the semantic branches increases
external MAE from 0.069217 to 0.071166 and reduces external R? from 0.444705 to 0.394838.

Table 6. Component-wise ablation analysis of PI-BHTE.

. . Internal External External Mean

Scope Configuration MAE MAE External R? PICP90 Width
Hybrid model Full PI-BHTF 0.080465 0.069217 0.444705 0.931648 0.364367
Hybrid model Without physics-informed features 0.079579 0.068304 0.462938 0.933916 0.365384
Hybrid model Without semantic branches 0.080080 0.071166 0.394838 0.926511 0.365539
Hybrid model Without cross-energy gate 0.079612 0.068861 0.456007 0.933033 0.366095
Hybrid model Without physics-consistency loss 0.079325 0.067269 0.468789 0.934958 0.364618
Neural core Full PI-BHTF neural core 0.089000 0.084737 0.112028 0.996465 0.656041
Neural core Without heteroscedastic head 0.086561 0.094385 —0.081103 0.952538 0.478857
Neural core Without Monte Carlo 0.087353 0.084137 0.114139 0.994140 0.640413
Neural core Without conformal correction 0.089000 0.084737 0.112028 0.923059 0.376986

Removing physics-informed features, the cross-energy gate, or the physics-consistency
loss does not increase aggregate external MAE; the lowest external MAE among these
ablations is 0.067269 without the physics-consistency loss. These components are therefore
interpreted as physically motivated structural priors and consistency mechanisms rather
than as independently demonstrated sources of point-error reduction. In the uncertainty
block, removing the heteroscedastic head substantially worsens external neural-core quality,
while conformal correction primarily changes coverage and interval width.
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No semantic branches
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Figure 5 compares mean MAE across the 15 target-horizon tasks for the full PI-BHTF
and four architectural ablations. Internal differences remain small, whereas the clearest
external degradation occurs when semantic branches are removed. The figure also confirms
that removing the physics-informed features, cross-energy gate, or physics-consistency loss
does not worsen aggregate external MAE.

Component-Wise PI-BHTF Architecture and Physics Ablation

0.00 0.02 0.04 0.06 0.08
Mean MAE across 15 target-horizon tasks

B Internal test B Locked external
Figure 5. Component-wise analysis of PI-BHTF architectural and physics-informed components.

5.7. Repeated-Seed Stability and Statistical Uncertainty

The main neural and hybrid models were re-evaluated using the three prespecified
seeds 20,260,621, 20,260,622, and 20,260,623, with no post hoc selection of a favorable run.
Table 7 reports the mean =+ standard deviation across these fixed initializations.

Table 7 shows that the full PI-BHTF has low sensitivity to random initialization.
The MAE standard deviation is 0.000683 on the internal test and 0.000571 on locked
external validation; the corresponding values for PI-BHTF NeuralAugmented are also
small (0.000725 and 0.000651). The repeated-seed analysis also changes the interpretation
of the original single-seed PI-BHTF NeuralOnly-ResidualMLP comparison: the mean
internal MAE is 0.085874 for NeuralOnly and 0.089298 for ResidualMLP, so the small
one-run advantage of ResidualMLP does not reproduce as a stable effect. High PICP90
should not be interpreted independently of point error: for example, SAINTStyleCompact
has external PICP90 close to 1.00 together with MAE 0.137596 and negative R?, whereas
PI-BHTF NeuralOnly also has very high coverage but substantially weaker R? than the
final hybrid PI-BHTF. These results support joint assessment of point accuracy, calibration,
and interval sharpness.

Figure 6 shows the mean locked-external MAE and standard deviation across the
three fixed seeds. The hybrid PI-BHTF configurations lie in the lowest-error region and
have short standard-deviation bars, whereas several comparative neural architectures show
higher mean errors and/or larger between-run variability.

https://doi.org/10.3390 /math14173104


https://doi.org/10.3390/math14173104

Mathematics 2026, 14, 3104

27 of 32

Table 7. Repeated-seed variability of the main neural models across three prespecified initializations.

Panel A. Internal Test

Model MAE, Mean + SD RMSE, Mean + SD R?, Mean + SD PICP90, Mean + SD

PI-BHTF 0.079674 + 0.000683 0.115492 + 0.000509 0.611816 + 0.003014 0.918524 + 0.000982

PI-BHTF Neural Augmented 0.079660 + 0.000725 0.115662 + 0.000696 0.610517 + 0.004516 0.919559 + 0.001838

PI-BHTF NeuralOnly 0.085874 + 0.002668 0.123110 % 0.001394 0.570143 + 0.010287 0.998236 + 0.000427

ResidualMLP 0.089298 + 0.001499 0.128360 + 0.002078 0.546926 + 0.009036 0.922375 + 0.004813

GRU 0.098225 + 0.003015 0.132592 + 0.002654 0.520520 + 0.020732 0.924003 =+ 0.006359

NBEATSStyleCompact 0.090003 % 0.003113 0.127287 £+ 0.002901 0.556079 % 0.017720 0.926497 + 0.008795

SAINTStyleCompact 0.197235 £+ 0.009002 0.225034 + 0.007217  —0.290157 £ 0.086028  0.972180 + 0.000885
Panel B. Locked External Validation

Model MAE, Mean + SD RMSE, Mean + SD R?, Mean =+ SD PICP90, Mean + SD

PI-BHTF 0.068614 + 0.000571 0.093526 + 0.000762 0.455494 + 0.010536 0.933144 + 0.001696

PI-BHTF NeuralAugmented 0.067910 =+ 0.000651 0.092264 + 0.000998 0.461956 + 0.011198 0.936175 =+ 0.000660

PI-BHTF NeuralOnly 0.084071 £ 0.000729 0.114064 + 0.001840 0.112643 + 0.007672 0.995758 + 0.001027

ResidualMLP 0.091917 £ 0.005919 0.120715 £ 0.006425 —0.045433 £ 0.123714  0.893865 + 0.016569

GRU 0.079798 + 0.003093 0.104638 + 0.006135 0.267128 + 0.063544 0.937457 4+ 0.014091

NBEATSStyleCompact 0.077805 £ 0.004647 0.101435 £ 0.007259 0.300867 + 0.114287 0.949830 + 0.022263

SAINTStyleCompact 0.137596 + 0.005668 0.158391 + 0.005728 —0.258401 £ 0.072153  0.999980 + 0.000014

Repeated-Seed Variability: Mean + SD across Three Fixed Seeds

PI-BHTF neural-augmented | ®

N-BEATS-style compact 1

PI-BHTFq @

GRU 1 J
PI-BHTF neural-only 1 ]
Residual MLP 1 °®
SAINT-style compact 1 | | | —e |
0.08 0.10 0.12 0.14

Locked external mean MAE across 15 tasks

Figure 6. Repeated-seed variability: mean + standard deviation across three fixed seeds. Dots
indicate the mean MAE values, and the horizontal red error bars represent +1 standard deviation
across the three fixed seeds

The ratio of 422 predictors to 6109 training observations creates a potential overfitting
risk. The evaluation therefore does not rely on training error. Train-defined clipping,
median imputation, scaling, dropout 0.10, AdamW weight decay 1074, gradient-norm
clipping, chronological validation monitoring, and early stopping are used within the stated
protocol. Independent assessment is then performed on 1310 internal-test observations and
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17,520 locked external SCADA observations. The low repeated-seed variability of the full
PI-BHTF provides an additional stability check.

Computational cost was measured in the saved experimental protocol. Table 8 sepa-
rates training time from inference time because the latter is directly relevant to periodic
forecast updates. The absolute times should not be interpreted as a hardware-normalized
benchmark because LightGBM and CatBoost were run on CPU, whereas the neural models
were run on MPS.

Table 8. Computational cost in the saved experimental protocol.

Model Device Training Time (s) Passes Inference Time (s) Rows
LightGBM CPU 29.242 1 1.335 20,139
CatBoost CPU 13.199 1 0.038 20,139
ResidualMLP MPS 6.285 1 0.730 20,139
GRU MPS 11.393 1 1.408 20,139
NBEATSStyleCompact MPS 4.435 1 0.821 20,139
SAINTStyleCompact MPS 173.992 1 8.729 20,139
PI-BHTF, deterministic MPS 19.056 1 0.181 17,520
PI-BHTF, Monte Carlo MPS 19.056 30 9.217 17,520

Deterministic PI-BHTF inference requires 0.0103 ms per observation. Thirty stochastic
passes increase latency to 0.5261 ms per observation, approximately 51 times the determin-
istic mode, with 9.217 s required for all 17,520 external observations. The main additional
cost of PI-BHTF is therefore associated with uncertainty estimation rather than determin-
istic point forecasting, and the measured latency remains small relative to the hourly
data frequency.

Formal multiplicity adjustment is reported for the saved family of pairwise significance
tests in Table S4a; the complete target—horizon tables are interpreted descriptively rather
than as 120 separate multiplicity-adjusted hypothesis tests.

6. Discussion

The results show that renewable-generation forecasting does not have a single ar-
chitecture that is uniformly optimal across all targets and horizons. At H1, much of the
predictable signal is carried by current generation, short lags, and the observed meteorolog-
ical state. Regularized linear models can therefore remain competitive in selected external
short-horizon tasks because a more complex nonlinear representation does not necessarily
add useful information at very short lead times. At H6-H12, temporal context becomes
more important, which is consistent with the stronger performance of some recurrent and
compact neural models. At H24, daily periodicity, calendar variables, and longer memory
become more influential.

This horizon dependence is consistent with the renewable-forecasting literature, where
short-horizon tasks are more strongly associated with persistence and recent generation
history, whereas increasing lead time places more weight on meteorological and structural
information [1-4]. Itis also compatible with multi-horizon modeling approaches such as the
Temporal Fusion Transformer and N-BEATS [11,12] and with recent hybrid CNN/RNN-
Transformer and HybridCNN-STTransformer photovoltaic forecasting studies [20,21].
PI-BHTF differs in using explicit semantic partitioning of solar, wind, temporal, and cross-
context predictors and in evaluating transfer to an independent SCADA domain.

The absence of future numerical weather-prediction inputs is an important limitation
of the present setup. Neither future observed meteorological variables nor NWP trajectories
are used at H1-H24. The current results therefore characterize forecasting from historically
available information rather than a complete operational day-ahead dispatch forecast. This
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limitation is especially important for H12 and H24, where future irradiance, wind speed,
and atmospheric conditions can materially affect forecast quality. Incorporating numerical
or ensemble weather forecasts is a direct direction for future work and may change the
relative ranking of models.

PI-BHTF should not be interpreted as a universally error-minimizing model. Across
three fixed seeds, the full model has an external MAE of 0.068614 + 0.000571, but individual
competing configurations remain stronger on specific tasks. The component-wise ablation
also narrows the claim about the source of model performance. Semantic feature partition-
ing has a positive external result: its removal raises external MAE to 0.071166 and reduces
R? to 0.394838. In contrast, removing the physics-informed features, cross-energy gate, or
physics-consistency loss does not worsen aggregate MAE. Accordingly, the term “physics-
informed” in PI-BHTF refers to the way physical knowledge is embedded in the model
representation and cross-target structure, rather than to a claim that each physics-oriented
component independently improves point accuracy. The designation is supported by
the explicit irradiance- and wind-based transformations, source-specific semantic routing,
cross-energy coupling, and soft consistency regularization between solar, wind, and total
outputs. The component-wise ablation shows that these mechanisms should be interpreted
as physically motivated structural priors and consistency constraints; their independent
contribution to reducing external MAE is not supported by the present results. The uncer-
tainty results likewise require component-specific interpretation. The heteroscedastic head
represents input-dependent aleatoric uncertainty in the neural core, while Monte Carlo
dropout represents epistemic variability. The final hybrid interval is instead obtained by
chronological residual calibration around the hybrid point forecast because full base-model
predictive distributions are not propagated through the stack. The neural-core ablation
shows that removing the heteroscedastic head worsens external MAE and R?, while remov-
ing conformal correction primarily changes coverage and width. These results clarify that
the three uncertainty-related blocks perform different functions.

Conformal coverage should also be interpreted cautiously for temporally dependent
and externally shifted time series. The calibration residuals are taken from the final 524 ob-
servations of the chronological validation set, and neither the internal test nor the external
SCADA set is recalibrated. Accordingly, PICP90 is reported as empirical held-out coverage
rather than as a distribution-free guarantee. Wind H1 external PICP90 of approximately
0.65 is a substantive calibration failure, not a mild deviation; Solar H1 is also undercovered
at approximately 0.77. Conversely, Wind H12-H24 approaches 0.99, and Total H12-H24
approaches 1.00, indicating conservative intervals. Conformalized quantile regression [10]
and block-based, rolling, or adaptive conformal schemes are relevant alternatives for
future work.

The external SCADA evaluation remains important because its station composition,
installed capacities, meteorological distribution, and measurement system differ from the
main modeling dataset, and no external samples are used for hyperparameter selection,
checkpoint selection, preprocessing refitting, or calibration. At the same time, a single exter-
nal source cannot represent all climates, plant configurations, or grid regimes. The diagonal
Gaussian approximation in the neural core also does not explicitly model full cross-target
and cross-horizon covariance. These limitations define the scope of the current evidence
and motivate broader cross-region validation and multivariate uncertainty models.

Overall, the supported contribution of PI-BHTF is a reproducibly competitive combi-
nation of structured multi-horizon forecasting, semantic feature partitioning, uncertainty-
aware neural modeling, chronological residual calibration, and independent external
validation. The revised analysis deliberately retains the negative ablation findings and the
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external calibration deficits so that the claimed contribution matches the evidence rather
than implying universal superiority.

7. Conclusions

This study presented PI-BHTE, a physics-informed Bayesian hybrid framework for a
15-dimensional solar-wind-total target-horizon forecasting problem. The revised experi-
ments support a specific rather than universal conclusion: PI-BHTF provides a reproducibly
competitive balance among multi-horizon accuracy, structured feature representation, un-
certainty estimation, and transfer to independent SCADA data.

Component-wise ablation supports the contribution of semantic feature partitioning
and the heteroscedastic head, whereas the physics-informed features, cross-energy gate,
and physics-consistency loss do not show independent reductions in aggregate MAE. These
negative results are retained because they clarify the demonstrated role of the individual
components. Repeated-seed evaluation further shows that the main PI-BHTF result is
stable across the three prespecified initializations.

Uncertainty calibration remains heterogeneous. Chronological residual correction
improves empirical coverage but does not remove external distribution shift, with a partic-
ularly notable deficit for Wind H1 and conservative coverage at several longer horizons.
The present H1-H24 setup also uses historically available information only and does not in-
clude numerical weather forecasts, which limits its interpretation as a complete operational
H12-H24 dispatch forecast.

Future work should therefore prioritize numerical or ensemble weather-prediction
inputs, adaptive or block-based conformal calibration, conformalized quantile regression,
broader cross-region validation, and multivariate uncertainty models with explicit cross-
target dependence. These findings define both the demonstrated scientific contribution of
PI-BHTF and the limits of the current implementation.
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Abbreviations

The following abbreviations are used in this manuscript:

PI-BHTF  Physics-Informed Bayesian Hybrid Temporal Forecaster

H1 One-hour-ahead forecast horizon

H3 Three-hour-ahead forecast horizon

Hé6 Six-hour-ahead forecast horizon

Hi12 Twelve-hour-ahead forecast horizon

H24 Twenty-four-hour-ahead forecast horizon

PICP90 Prediction Interval Coverage Probability for nominal 90% intervals
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