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Abstract

Accurate daily forecasts of thermal generation, renewable generation, hydropower, and im-
ported electricity are essential for spot-market trading and day-ahead scheduling. However,
short training histories, incomplete operational information, and distinct target drivers
constrain accuracy and generalizability. To address these challenges, this study proposes a
Delta-enhanced, validation-guided framework for configuring target-specific forecasting
pathways. The Delta representation captures inter-day changes in thermal and hydropower
generation. For the internal renewable-generation target, a regional target-day weather-
forecast interface is applied retrospectively. It aggregates 13 hierarchical regional forecast
columns for each of 24 weather variables and incorporates six calendar variables. For each
target, chronological validation selects an admissible pathway defined by forecast-origin
information, target representation, predictor family, optional temporal representation, and
output rule. Once selected, it is refitted and fixed for subsequent forecasting. The evaluation
covers four internal targets from a regional power system in China and six national-scale
targets from France. The 97-day evaluation yielded R? values of 0.8084, 0.7337, 0.7782, and
0.5212 for thermal generation, renewable generation, hydropower, and imported electricity,
respectively. The frozen thermal and renewable pathways reduced RMSE by 23.2% and
50.9%, respectively, relative to Persistence, a baseline that carries the previous-day value
forward. These findings support target-specific forecasting under data constraints.

Keywords: daily electricity-supply forecasting; sparse data; incomplete operational
information; target-specific pathway configuration; chronological validation; Delta
representation; capacity-normalized representation; electricity market operation

1. Introduction

Day-ahead forecasts of heterogeneous electricity-supply components support spot-
market bidding, adjustments to contracted electricity volumes, generation scheduling,
reserve allocation, and interregional electricity procurement. In regional power systems,
the relevant supply portfolio typically comprises conventional thermal generation, variable
renewable generation, hydropower, and imported electricity [1,2]. Each component has
distinct operational drivers. Thermal output depends on unit-commitment schedules,
operating status, and fuel-supply constraints [3]. Renewable output is driven mainly by
meteorological variability and spatial complementarity [4—6], whereas hydropower output
depends on streamflow, reservoir states, and dispatch decisions [7]. Imported electricity is
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also shaped by transmission arrangements, transaction schedules, and decisions outside
the receiving region [8-11]. These differences make it difficult for a single forecasting
configuration to achieve consistently high accuracy across the portfolio. The challenge
is compounded by short daily training histories and incomplete operational information.
Existing studies have therefore explored ways to organize historical, meteorological, and
source-specific information and combine it with models tailored to individual genera-
tion sources.

Existing renewable and multi-source forecasting studies have improved input construc-
tion by integrating historical generation, meteorological variables, and source-specific de-
scriptors [12]. Building on these multi-source inputs, climate-feature analysis and enhanced
tree models have been used for medium- and long-term photovoltaic forecasting [13].
Decomposition and similar-day selection have also been combined with recurrent networks
for day-ahead prediction [14]. At the regional scale, grid partitioning and ensemble learn-
ing have also been adopted to represent spatial organization and source composition in
photovoltaic, wind, and aggregated renewable forecasting [15]. More recent studies have
extended this direction to coordinated and dependency-aware forecasting. In integrated
energy systems, shared representations have been used to jointly forecast electricity, cooling,
and heating loads by exploiting inter-energy dependencies [16]. For geographically dis-
tributed renewable generation, graph-based spatio-temporal models combine the learning
of cross-site spatial dependencies with temporal feature extraction [17]. At the system
level, ensemble approaches integrate complementary machine-learning predictors to fore-
cast aggregated wind and solar generation [18]. From a market perspective, cross-border
electricity trading has also become an important component of regional power-system
coordination, particularly in systems with substantial hydropower and renewable-energy
resources [19]. These studies demonstrate that forecasting accuracy depends not only on
the amount of information available but also on how temporal, meteorological, and spatial
information is organized. However, most studies focus on a single generation source or
a fixed aggregation level. Their information interfaces are generally predefined rather
than selected to reflect the operational drivers and information constraints of individual
electricity-supply targets.

Recent studies have applied recurrent-network-XGBoost hybrids, Transformer- or
BiLSTM-enhanced convolutional models, boosted trees, and multi-task architectures to
renewable-energy forecasting [20-26]. Although these methods enhance nonlinear learning
and temporal representation, greater architectural complexity does not necessarily yield
more reliable forecasts when daily records are limited. Moreover, many model compar-
isons vary only the predictor while holding the input interface and target representation
fixed. For heterogeneous electricity-supply forecasting, predictor families and temporal
representations should therefore be configured for each target rather than assumed to be
universally optimal.

Other studies have improved individual stages of the forecasting process. Weak station-
arization and decomposition have been used to address time-series non-stationarity [27,28].
Mixture-of-experts models and dynamic ensembles adjust model contributions across
temporal scales and operating regimes [29,30]. Explainable tree models identify influen-
tial variables, whereas conformal and residual-based intervals characterize uncertainty
around point forecasts [31-34]. These developments improve specific components of
the forecasting process but generally assume that the information interface and model
structure have already been specified. Conventional time-series pipeline selection and
automated machine learning, or AutoML, provide systematic mechanisms for configuring
forecasting workflows within predefined search spaces. Recent reviews describe automated
forecasting pipelines as coordinated combinations of data preprocessing, feature engineer-
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ing, hyperparameter optimization, forecasting-method selection, and ensembling [35,36].
Energy-oriented frameworks also integrate feature selection, model selection, ensembling,
and postprocessing within configurable workflows [37]. Related studies have explored
dynamic ensemble selection from heterogeneous forecasting pools [38] and multi-stage
AutoML approaches that automate feature processing, model generation, and model selec-
tion [39]. Together, these studies show that pipeline-level methods can coordinate multiple
stages of a forecasting workflow. However, heterogeneous electricity-supply forecasting
requires an additional configuration layer that accounts for information availability at the
forecast origin and the admissibility of target-specific representations. For this task, each
target has a distinct set of admissible information sources and target representations at the
forecast origin. These constraints define the target’s pathway configuration space. Accord-
ingly, the configuration scheme defines an admissible pathway space for each target under
explicit information and temporal constraints before candidate pathways are compared.
This separation is particularly important when weather information, operating plans, and
installed-capacity records have different availability boundaries.

To address this gap, this study develops a validation-guided, target-specific forecasting
pathway-configuration methodology for heterogeneous electricity-supply forecasting under
explicit forecast-origin information constraints. The complete forecasting pathway serves
as the unit of configuration and jointly specifies the admissible information interface, target
representation, predictor family, optional temporal representation, and output rule. For
each target, pathway eligibility is established before validation according to target-specific
physical relevance and forecast-origin data availability, thereby defining a target-specific
admissible pathway space. Chronological validation is then used to select among the
admissible pathways. The selected pathway is subsequently refitted using admissible
pre-evaluation data, frozen, and used unchanged in subsequent forecasting. Under this
procedure, thermal generation retains a plan-informed XGBoost-Delta pathway, whereas
renewable generation retains an F2-Regional Random-Forest Level pathway. Hydropower
retains a PCA-enhanced Transformer—-XGBoost Delta pathway with a persistence-based
output guard, whereas imported electricity retains Persistence. The framework is evaluated
on four internal targets in a Chinese regional power system and six national-scale targets
from France. Additional analyses quantify performance changes under shorter training
histories and unavailable key inputs. The temporal availability boundary of each weather
interface is also stated explicitly. Accordingly, the methodological contribution centers on
target-specific forecasting pathway configuration and its chronological protocol. Estab-
lished forecasting models serve as constituent predictors, while operational applications
provide the deployment context. The main contributions are summarized as follows:

(1) A validation-guided, target-specific forecasting pathway-configuration methodology
is developed for heterogeneous electricity-supply forecasting under explicit forecast-
origin information constraints. Each candidate pathway jointly specifies the admissi-
ble information interface, target representation, predictor family, optional temporal
representation, and output rule, while target-specific eligibility is determined before
validation according to physical relevance and data availability at the forecast origin.
This design enables each forecasting target to be configured within its own admissible
candidate pathway space.

(2) Target-specificity is implemented through the joint organization of information inter-
faces and target representations within the admissible pathway space. Level, Delta,
and previous-year-capacity-normalized 24 h utilization are retained as eligible rep-
resentation choices according to the physical characteristics and forecast-origin data
availability of each target. The information interface is likewise tailored to target-
specific operational drivers: plan-informed operating context is available to thermal
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and hydropower candidates, while the F2-Regional interface organizes hierarchi-
cal regional forecast information and calendar variables for the internal regional
renewable-generation target. Chronological validation then configures these target-
specific information and representation components jointly with the predictor.

(3) An auditable chronological configuration and evaluation protocol organizes eligibility
screening, validation, pathway selection, refitting, freezing, and fixed subsequent
execution. Fully subsequent internal confirmation, rolling-origin external evalua-
tion, controlled training-history reduction, information-unavailability scenarios, and
residual-based uncertainty analysis are assigned distinct chronological roles. This
structure enables separate assessment of out-of-sample generalization, training-history
sensitivity, information dependence, and predictive uncertainty while preserving
the pathway decisions established during configuration. Controlled contemporary-
baseline comparisons, factorial ablation, and repeated-window stability analyses
further characterize the target-dependent value and stability of pathway components.

2. Methodology
2.1. Problem Formulation for Heterogeneous Targets

The internal study uses data from a regional electricity system in China, and comprises
four heterogeneous day-ahead electricity-volume targets: plant-level thermal generation
(TH), regional renewable generation (RE), regional hydropower generation (HY), and
regional imported electricity (IM). The external analysis uses French RTE data and considers
six national-scale targets: fossil thermal generation, renewable generation, hydropower
generation, net physical exchange, solar generation, and wind generation:

J = {TH,RE, HY,IM} (1)

where J denotes the target set. TH is defined at the plant level, whereas RE, HY, and IM
are regional electricity-supply components. In this study, electricity-supply forecasting
covers both electricity generated within the regional system and electricity imported from
outside the region, whereas generation forecasting refers only to generation-side output.
Accordingly, TH, RE, and HY are generation-side supply components, while IM represents
an external supply component. Imported electricity and external net physical exchange
have different physical meanings and are therefore treated as separate forecasting targets
in this study.

For target j in J and target day d, the one-day-ahead forecast is expressed as follows:

9ia=F(xja),j€T )

where the symbols are defined above. Historical lags, rolling statistics, and Delta reconstruc-
tion anchors use observations available through D — 1. Target-day calendar variables are
treated as available at the forecast stage. Weather timing is interface-specific: F2-Regional is
retrospectively assembled from archived previous-run forecasts for target day D with an ap-
proximately one-day nominal lead; F2-RTE-Hist uses lagged and rolling historical weather
available before the external forecast origin; and W2-RTE uses retrospective target-day
ERADS weather in the designated retrospective complete-weather benchmark.

The information set is specified separately for each target. Thermal candidates combine
historical and calendar variables with generation-plan information. Internal renewable candi-
dates use 24 target-day weather-forecast variables and six calendar variables. Hydropower
candidates may include historical variables, ProvincePlanT+Lag, and latent temporal features,
whereas imported-electricity candidates use historical and calendar information.
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ProvincePlanT+Lag denotes a plan-informed operating context that combines a
province-level target-day generation-plan term available at the forecast origin with lagged,
rolling, interaction, and historical-change features derived from earlier plan records. It is
eligible for thermal and hydropower candidates. Predicted-state coupling, denoted PSC, is
a 13-dimensional chronological predicted-state interface constructed from forecast-origin-
valid upstream prediction states and their derived changes, shares, and balance descriptors.
PSC is used only as an alternative renewable-information pathway, and realized target-day
generation values are excluded.

The component-wise constructions of ProvincePlanT+Lag and PSC are specified in
Sections 2.5.1 and 2.5.2, respectively.

Candidate pathways combine the available information with Level, Delta, or capacity-
normalized representations and eligible predictors. Chronological validation then compares
the admissible pathways for each target.

2.2. Overall Framework

The procedure comprises four steps. The complete forecasting pathway is the configu-
ration unit, and its admissible space is defined separately for each target before validation.
First, physically relevant inputs available at the forecast stage define the candidate set
for each target. Second, the candidate pathways are compared by chronological valida-
tion. Third, model parameters are refitted using the available pre-evaluation data after the
pathway has been selected. Finally, the selected configuration is frozen and applied to the
corresponding evaluation fold or subsequent confirmation period. The same sequence is
used for all targets, while the candidate set differs by target.

The overall architecture of the proposed framework is illustrated in Figure 1. Figure 1a
presents the construction of target-specific candidate pathways, where each pathway
is defined by the combination of information interface, target representation, predictor
component, temporal representation, and output rule. Figure 1b presents the chronological
validation and fixed execution procedure, separating offline configuration from subsequent
frozen forecasting.
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Figure 1. Overview of the proposed target-specific pathway configuration framework. (a) Target-
specific candidate pathway assembly, including information interfaces, target representations, pre-
dictor components, and output rules. (b) Chronological validation and frozen execution procedure,
including candidate pathway evaluation, pathway selection, refitting, model locking, and fixed
execution. The colors distinguish schematic pathways and functional components; they do not
encode quantitative values. In the lower part of (a), blue, red, and green identify the Level, Delta,
and capacity-normalized branches, respectively. TH, RE, HY, and IM denote thermal generation,
renewable generation, hydropower, and imported electricity. The components I]-, R]-, M]-, Hj, and Oj
represent the information interface, target representation, predictor, temporal representation, and
output rule, respectively. Arrows indicate information flow or processing order, and dashed outlines
group related components. In (b), the vertical dashed line marks the freezing boundary. The database
icon represents the pre-evaluation data used for refitting, the lock icons indicate fixed configuration
or model status, and the prohibition symbol emphasizes that only the frozen pathway is used during
subsequent execution. The nodes and bars are schematic illustrations rather than measured data.
Please include these explanations in the figure caption.

2.3. Level, Delta, and Capacity-Normalized Target Representations

Target representation is treated as a configurable element because the four targets
differ in level persistence, variation amplitude, and sensitivity to incomplete operating
drivers. In a Level pathway, the predictor directly estimates the absolute electricity volume
from the information available at the forecast origin. This form preserves the original scale
and is appropriate when the target level itself provides the dominant predictive signal.

In a Delta pathway, the inter-day variation of target j on day d is defined as follows:

AYig = Yjd — Yjd1 3)

where Ay; ; denotes the inter-day change of target j on day d; y; s and y; 41 are the observed
electricity volumes of target j on days d and d — 1, respectively; j indexes the forecasting
target; and d indexes the forecast date.

The corresponding predictor estimates the next-day variation within the same forecast-
origin information boundary:

@j,d = F]'A (xj4) 4)

where @j,d denotes the predicted inter-day variation of target j on day d; F]A(-) is the
target-specific forecasting function under the Delta representation; x; ; is the input vector
available for target j at the forecast origin on day 4; and j and d index the forecasting target
and date.

The day-ahead electricity-volume forecast is then reconstructed on the original scale:

Vjd =VYjd+ K\yj,d )

where J; ; is the reconstructed one-day-ahead forecast of target j on day d; y;4 1 is the
latest observed electricity volume available at the forecast origin; and Eyj, 4 is the predicted
inter-day variation obtained from Equation (4).
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Level and Delta are evaluated in parallel. The selected representation is determined
together with the information set and predictor during chronological configuration.

For external generation targets with available installed-capacity information, CapF
is retained as a compact pathway label for previous-year-capacity-normalized 24 h
daily utilization:
Yid

s 6
Cir x 24 h ©)

Caijrd =
where the denominator uses the forecast-origin-safe installed capacity registered at the
end of year y — 1 for predictions in year y and a fixed 24 h convention. Renewable
capacity is the sum of registered wind and solar capacity. CapF is applied to targets
with an associated installed-capacity series, while net physical exchange is modeled using
the Level and Delta representations. The fixed 24 h denominator is used as a common
normalization convention for the CapF representation across all calendar dates. The daily-
energy numerator retains the actual energy accumulated over each Europe/Paris local day,
including the 23 h and 25 h daylight-saving transition days. Thus, the fixed denominator
standardizes the capacity-normalized representation while preserving the actual daily
energy in the numerator. For the external factorial analysis, capacity scaling (Raw /CapF)
and change representation (Level/Delta) are treated as orthogonal subdimensions within
the broader target-representation dimension.

2.4. Candidate Predictors and Representation Components

The internal four-target candidate set comprises Persistence, Random Forest (RF),
XGBoost, LightGBM, and optional Transformer-PCA representation enhancement. The ex-
ternal candidate space includes Native, historical-weather, and generic capacity-normalized
inputs combined with Ridge, RF, XGBoost, LightGBM, or Persistence when applicable. For
renewable, solar, and wind generation, the retrospective target-day weather family contains
four capacity-normalized XGBoost or TXGB candidates (C1-C4):

91 = Yja )

where 37}3 4 denotes the Persistence forecast for target j on day d; y; 41 is the most recently
observed electricity volume; and the superscript Per identifies the Persistence predictor.

RF and XGBoost serve as the principal nonlinear predictors. RF reduces variance by
averaging decorrelated regression trees constructed from bootstrap samples and randomly
selected feature subsets. XGBoost builds trees sequentially to correct preceding residuals
and uses explicit regularization to control complexity [40]. Their outputs can be expressed
in a common form:

s](f;’) = fu(u;4),m € {RF,XGB} )
where s](.;?) denotes the output of predictor family m for target j on day d; fu(-) is the
regression function associated with model family m; u; 4 is the corresponding model-input
vector, which may contain only admissible original variables or may be augmented by latent
temporal features; m € {RF, XGB} identifies Random Forest or XGBoost, respectively; and
j and d index the forecasting target and date.

For candidates requiring additional temporal representation, a Transformer encoder
maps the historical input window to a sequence of hidden states [41,42]. Consistent with
the implemented branch, temporal average pooling followed by LayerNorm produces a
fixed-length latent vector:

H;4 = Eo(Xja-1.4-1),hjs = LayerNorm[Mean(H; 4)] )
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where X 4 1.51 is the historical input sequence of target j from day d — L to day d — 1;
L is the lookback-window length; Eg(-) is the Transformer encoder parameterized by
0; H;; is the resulting sequence of hidden states; Mean(-) denotes temporal average
pooling; LayerNorm(-) denotes layer normalization; and h; 4 is the resulting fixed-length
latent vector.

PCA may then compress the training-standardized latent vector, after which the
compressed representation is concatenated with the admissible forecast-origin variables
before tree-based regression:

](]2 = W{Dg (hjg — 1), Kja = [Xj,d;Z](/l(;} (10)
where Z(];) is the k-dimensional PCA-compressed latent vector; Wy is the loading matrix
formed by the first k principal components estimated from the training data; the superscript
T denotes matrix transpose; 1, and D are, respectively, the training-set mean vector and
diagonal standard-deviation scaling matrix of the latent features; h; ; is the latent vector
defined in Equation (9); x; 4 is the admissible original input vector; X; 4 is the augmented
tree-model input; and [-; -] denotes vector concatenation.

The complete latent vector and its PCA-compressed form are both optional represen-
tation components. Accordingly, the tree-model input can be formed from the original
variables alone, the original variables plus the complete latent vector, or the original vari-
ables plus the compressed latent vector.

For hydropower, a persistence-based guard is applied after Delta reconstruction. The

guard addresses physically infeasible reconstructed outputs and is triggered when the raw
forecast is negative or non-finite:

9% = (1= 897 + 814977 8ja € {0,1} (11)

~Per 3

p°4 is the final guarded forecast; y}“Odd is the model output before guarding; Yid is

where U
the Per51ster1ce forecast defined in Equation (7); and g;4 € {0,1} is described as follows
the guard takes g; ; = 1 for a negative or non-finite raw forecast and replaces it with gP e
otherwise g; s = 0.

TXGB denotes a Transformer/PCA temporal representation followed by XGBoost
regression. Together with RF, XGBoost, Persistence, and the optional output guard, these
components form the target-specific pathways in the four-target study. In the external
study, TXGB is used in the retrospective target-day weather candidates C3 and C4.

To further evaluate the forecasting performance of the frozen pathways during the
fully subsequent evaluation stage, TimeXer [43] and PatchTST [44] were introduced as
additional contemporary Transformer-based forecasting baselines. TimeXer models the
target series jointly with exogenous variables to represent the contribution of external
information, whereas PatchTST uses patch-based sequence representations to capture
temporal dependencies. Both baselines followed the same temporal information boundary
and post97 evaluation dates as the frozen pathways. Their configurations were determined
using the same 60-day offline configuration period, after which the models were refitted
using admissible data available before post97 evaluation. This comparison was conducted
as an independent post-configuration benchmark to assess the performance of the frozen
pathways relative to contemporary forecasting models while preserving the established
pathway-configuration results and selection process.

2.5. Candidate Pathway Space

A candidate pathway combines admissible choices of information, target representa-
tion, predictor, temporal representation, and output rule. Table 1 first distinguishes the

https://doi.org/10.3390/en19184248


https://doi.org/10.3390/en19184248

Energies 2026, 19, 4248

9 of 41

three dataset-specific weather interfaces and then summarizes the common configura-

tion dimensions.

Table 1. Dataset-specific weather interfaces and configuration dimensions of the candidate path-

way space.

Panel A. Dataset-Specific Weather-Interface Definitions

Interface Dataset

Exact Definition Weather Timing

Internal regional renewable-generation

F2-Regional data from China

24 target-day weather-forecast
features retrospectively assembled
from 13 registered regional weather
columns, together with
6 calendar variables.

Archived previous-run
target-day forecasts
with an approximately
one-day nominal lead.

Past weather
information available

13 lagged and rolling
historical-weather features joined to

F2-RTE-Hist External RTE six-target data the forecast-origin-safe daily before the
RTE matrix. forecast origin.
. 20 target-day full-weather/ERA5 Retrospective
W2-RTE External RTE retrp spective variables used by C1-C4 target-day
weather experiments . . . .
capacity-normalized candidates. weather /reanalysis.

Panel B. Common Configuration Dimensions

Configuration

Dimension Candidate Options

Methodological Role

Lagged target and cross-target histories;
calendar variables; plan-derived
operating context; F2-Regional archived
forecast inputs; F2-RTE-Hist; W2-RTE
retrospective inputs;
system-state descriptors

Information interface

Defines admissible explanatory information and its
timing boundary

Level; Delta;
previous-year-capacity-normalized 24 h
daily utilization (CapF) for eligible
external generation targets

Target representation

Determines whether the pathway models absolute output,
inter-day change, or normalized utilization

Persistence; Ridge; RF; XGBoost;
LightGBM;
representation-enhanced models

Predictor family

Determines the forecasting mechanism

None; Transformer latent vector;
PCA-compressed latent vector

Representation
enhancement

Controls temporal representation complexity

Output rule Direct output; persistence-based guard

Determines final point-forecast production

Chronological validation; refitting;
pathway freezing

Configuration
procedure

Determines and fixes the target-specific pathway
before evaluation

Candidate sets are defined separately for each target. Combinations requiring un-
available or physically irrelevant inputs are excluded before validation, and the remaining

pathways are compared under the same chronological protocol.

Model complexity is therefore treated as a configuration choice. The four-target and
external candidate sets are specified in the corresponding experimental protocols.

Output rules are target-specific and pre-specified. The hydropower guard is attached

only after an eligible Delta pathway has been selected and after the predictor has produced
its raw forecast; it is not ranked as a separate predictor, and pathway selection uses the
pre-guard prediction errors.

The proposed framework selects a target-specific forecasting pathway from a finite set
of admissible candidates through chronological validation. The admissible candidate space
is constructed before validation according to target-specific physical relevance and forecast-
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origin information availability. Controlled pathway comparisons and candidate-space
constraints are used to examine the effects of the information interface, target represen-
tation, predictor family, optional temporal representation, training-history length, and
candidate-family availability. Under consistent chronological boundaries, these analyses
show how constraints on the candidate space affect pathway selection and subsequent
forecasting performance, thereby clarifying the role of each configuration element in target-
specific forecasting.

2.5.1. Exact Construction of ProvincePlanT+Lag

ProvincePlanT+Lag is represented by a 13-dimensional plan-information vector. The
symbols for the target-day province-level plan, calendar month, and previous-day target
observation are defined in Supplementary Table S1. For a historical plan window of length
w, the following index set identifies the non-missing historical plan observations within
the window ending at the previous day:

Vaw=1{1€{l,...,w}:P;_; #NA},w € {3,7,14,28} (12)

where v, ,, denotes the index set of non-missing historical plan observations within the
rolling window; d denotes the target date; w denotes the rolling-window length in days;
i denotes the backward lag index; P;_; denotes the province-level plan value recorded i
days before target date d; and NA denotes a missing plan value.

The number of non-missing observations in the window and the corresponding
minimum-observation requirements are defined as follows:

Ny = ’Ud,w , My = max{2, min(3, w) } (13)

where 1, ;, denotes the number of non-missing plan observations in v ;,;

04| denotes the
cardinality of this index set; and m,, denotes the minimum number of valid observations
required by the implementation for a rolling window of length w.
The rolling plan mean is then computed from the non-missing historical plan values
as follows:
(w 1

Upg 1= — Z Py_isNge = My (14)
’ ndrw Z'E’Ud/w

where p}, ; ; denotes the rolling mean of the province-level plan over the w-day historical

(w)
window énding at d — 1. The condition n;,, > my indicates that the rolling mean is
computed only when the minimum-observation requirement is satisfied.

If the number of non-missing observations is below the required minimum, the corre-
sponding rolling feature remains missing. The rolling statistics are calculated after shifting
the plan series by one day. Therefore, the target-day plan is retained as a separate plan com-
ponent and does not enter the historical rolling statistics. The complete ProvincePlanT+Lag

vector is written compactly as follows:

T
Pia = fria fojdr-- -0 fi3 )l (15)

where p id denotes the 13-dimensional ProvincePlanT+Lag vector for forecasting target
j on target date d; fi ;4 denotes the k-th registered component; k = 1, ..., 13 indexes
the component order; j identifies the forecasting target; and the superscript T denotes
transposition, so the 13 components are arranged as a column vector.

The 13 vector components follow the implementation order reported in Supplementary
Table S1. The target-day plan components use the target-day province plan available at the
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forecast origin, whereas the lagged, rolling, and historical-change terms use historical plan
records through the previous day.

2.5.2. Exact Construction and Chronological Generation of PSC

PSC is represented by a 13-dimensional chronological predicted-state vector con-
structed from four upstream predicted states: thermal generation (TH), hydropower gener-
ation (HY), imported electricity (IM), and renewable generation (RE). TH, HY, IM, and RE
use the same physical labels as the corresponding internal targets defined in Section 2.1.
For each upstream state, the target-day predicted state is generated within the forecast-
origin information boundary, and its Delta-type PSC component is formed relative to the
corresponding observed state available on day d — 1:

850 = Ysq— Ysa_1,5 € {TH,HY,IM, RE} (16)

where &, ; denotes the Delta-type PSC component for upstream state s on target date d; Y; 4
is the forecast-origin-valid predicted state for date d; Y; 4_ is the corresponding observed
state available on the previous day; d indexes the target date; and s indexes TH, HY, IM,
or RE.

The remaining derived components comprise cross-state shares and balance descrip-
tors, defined as follows:

Yiry 4 Yima
THYd = "o/ "Md = 75— (17)
|YTH,d | + € ’YTH,d + €

where rpyy 4 and 74 denote the hydropower and imported-electricity predicted-state
shares relative to the magnitude of the predicted thermal-generation state; YHY,d and YIM,d
are the corresponding target-day predicted states; Yy 4 is the predicted thermal-generation
state; and ¢ is the numerical stabilizer defined below.

2

(18)
YTH,4

bg = Y4 — Yayd — YiMd 94 =

+ ¢

where b; denotes the empirical balance descriptor formed from the predicted thermal-
generation, hydropower, and imported-electricity states on target date d, and g; denotes
the corresponding normalized descriptor.

?REd -6
IREd = e =10 (19)
RE |Yrpa| + ¢

where rgg 4 denotes the renewable-generation normalized predicted-state descriptor rela-
tive to the magnitude of the predicted thermal generation; Y 4 is the predicted renewable
generation; and e = 107 is the numerical stabilizer used in the normalized-descriptor
denominators. The normalized and balance terms are empirical descriptors of relationships
among predicted states and are interpreted as statistical pathway features rather than
physical generation shares or system power-balance identities.

The complete PSC vector follows the implementation order reported in Supplementary
Table 52 and is written as follows:

PSC _

. . . . T
s;°" = [0t Yrid, Oury.dr Yay.d  Omvds Yivds THY.dr 'iMLd» bd 94, YRE,d, ORE 4/ TRE 4]

(20)

where s/5¢ denotes the 13-dimensional PSC feature vector for target date d, the component
order follows Supplementary Table S2, and the superscript T denotes transpose.

https://doi.org/10.3390/en19184248


https://doi.org/10.3390/en19184248

Energies 2026, 19, 4248

12 of 41

Training-period PSC states are generated from chronological expanding-window out-
of-fold upstream predictions. For each random seed, five chronological holdout segments
are formed after the minimum training length, as follows:

Nmin = min(max(180, |n/3]), max(60,n — 1)) (21)

where ny,i, denotes the minimum number of rows required before the expanding-window
upstream-state prediction procedure begins; # is the number of rows in the corresponding
outer-training set; | /3] denotes the greatest integer not exceeding #/3; and min and max
denote the minimum and maximum operators, respectively. The constants 180 and 60 are
the registered lower bounds used by the implementation.

The upstream state model uses XGBoost with random seeds 42, 43, and 44, and
the seed-specific state predictions are averaged before the PSC variables are assembled.
For each outer-test or fixed-execution block, the upstream state model is fitted on the
admissible training rows preceding that block and then used to generate the target-date
states. Only deterministic calendar terms and lagged or rolling history of the corresponding
upstream state are supplied to the state models. Realized target-day generation values,
future observations, and raw target-day weather variables remain outside PSC construction.
Supplementary Algorithm S1 reports the complete chronological generation procedure.

2.6. Retrospectively Constructed F2-Regional Weather Interface and Renewable RF Ensemble

The F2-Regional interface was retrospectively constructed from archived target-day
forecasts retrieved through the Open-Meteo Previous Model Runs API [45]. For each target
day D, variables with the _previous_day1 suffix represent values predicted 24 h before the
valid time, corresponding to an approximately one-day nominal lead [45]. The selected
weather fields were combined with six calendar variables. Accordingly, the three-year
weather series is treated as an archived forecast-based retrospective input rather than a
contemporaneously collected operational weather feed.

For each weather variable, the interface combines eight location-level forecast series,
one regional mean, and four subregional means, yielding 13 registered regional weather
columns. Because the province-wide and subregional means are derived from the same
location-level series, these columns form a hierarchical regional aggregation rather than
13 independent locations:

wv,d = |S:d| 2 Wy ds (22)

A1 s€Sy 4

where v indexes the 24 weather variables, d indexes the target day, and s indexes the
13 registered regional weather columns. w,;; denotes the forecast value of weather
variable v for target day d from column s, while S, ; is the set of column indices with finite
values on that date and |S, 4] is the corresponding number of available columns. The
aggregated regional weather feature W, ; is therefore calculated as the arithmetic mean
Sv,d‘ = 13. Under
complete two-location subregions, the implied weights of the eight base locations are equal,

of the available registered columns. When all 13 columns are present,

whereas missing columns change the effective weights.
The resulting regional target-day weather-forecast interface (F2-Regional) contains
24 aggregated weather variables and six calendar variables:

— T
X2 = [wh, I e R (23)

where the weather block contains the 24 hierarchically aggregated fixed-24-h-lead target-
day forecast variables, the calendar block contains six variables, and the complete F2-
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Regional vector is 30-dimensional. The exact implemented definitions and Open-Meteo
source fields of the 24 weather features are listed in Supplementary Table S3.

Three Random Forest models use the same samples, F2-Regional features, and hyper-
parameters and differ only in seed. Their predictions are combined by arithmetic averaging;:

A 1&
I8 = 2L R (), R =3 4)
r=1

where 37};5 is the final renewable-generation forecast for date d; flg;) (+) is the Random Forest

predictor trained with the r-th random seed; r is the random-seed index; R is the number
of repeated Random Forest models; and x§2 is the forecast-origin feature vector defined in
Equation (23). Here, R = 3, corresponding to random seeds 42, 43, and 44.

2.7. Pathway Selection and Configuration Freezing

For target j, each candidate combines an information set, target representation, predic-
tor family, optional latent representation, and output rule:

where p; denotes one candidate pathway for target j; I; is the admissible forecast-origin
information set; R; is the target representation, such as Level or Delta; M,; is the predictor
family; H; is the optional latent-representation component; O; is the output rule; and P; is
the target-specific candidate pathway space.

Before validation, pathways are screened for physical relevance and information
availability at the forecast origin. The four-target study uses 4 April-2 June 2025 (N = 60) as
the formal offline configuration period. The later fixed95 interval is used only for common-
date developmental comparison, whereas the post97 period remains fully subsequent and
is excluded from pathway selection. The complete evidence hierarchy is summarized in
Table 2.

Aj =1{Pr(A; < 0) > 0.95 A UposA; < 0}, Aj = RMSE/" — RMSE/*! (26)

Table 2. Evidence hierarchy and chronological role of the internal four-target data stages.

Stage

Date Range (N)

Training/Configuration
Boundary

Selection Use and

Analytical Role Overlap

60-day offline

4 April-2 June 2025 (60)

Historical data available

Yes; sole formal

Formal offline pathway internal selection

configuration before 4 April 2025 configuration window
Common-window
. 3 June-5 September Frozen paths refitted before . .
fixed95 2025 (95) 3 June 2025 developmental comparison No; overlaps T4 and T5
and reporting
T3 1 January-31 March Training data through Pre-configuration No; precedes 60-day
2025 (90) 31 December 2024 retrospective diagnostic configuration
Ta 1 April-30 June 2025 Training data through Configuration-overlap No; overlaps 60-day
91) 31 March 2025 retrospective diagnostic and fixed95
T5 1 July-5 September Training data through Later retrospective No; contained within
2025 (67) 30 June 2025 diagnostic fixed95
05197 6 September-11 Frozen paths refitted Fully subsequent Noa/;]f]uc}le}:,zllfsreril;ig to
p December 2025 (97) through 5 September 2025 frozen-path confirmation S tagzs
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Let A; denote the paired-bootstrap RMSE difference between an alternative pathway
and the retained pathway for target j. The alternative is accepted only when the indicator
in Equation (26) equals one.

For the four-target study, Equation (26) was applied together with the target-specific
evidence specified before the subsequent 97-day evaluation: factor and seed/window
evidence for renewable generation, latent-representation evidence for hydropower, and
direct candidate comparisons for thermal generation and imported electricity.

For each external target and rolling-origin fold, admissible candidates are ranked by
inner-validation RMSE. Complexity rank and candidate identifier are used only when two
candidates have identical inner errors. Historical-weather candidates and retrospective
target-day weather candidates are evaluated in their respective information settings.

Jja = F (xja),d €E; (27)

where 7; 4 is the forecast for target j on date d; F]-* (+) is the forecasting function associated
with the pathway selected and frozen for target j; x; 4 is the forecast-origin input vector for
target j on date d; and E; is the designated evaluation-date set for target j.

After selection, the information interface, target representation, preprocessing, model
family, hyperparameters, seed treatment, latent dimension, and output rule are fixed. Model
parameters are refitted using admissible pre-evaluation data, and the frozen pathway is
applied to the designated evaluation dates. The annual external sequence is repeated
independently in each rolling-origin fold; the 2022-selected paths are refitted before 2023
and held fixed throughout the 2023 confirmation.

2.8. Chronological Configuration and Evaluation Protocol
2.8.1. Four-Target Chronological Protocol

The calendar span from 1 January 2023 to 5 September 2025 contains 979 dates. The
source archive includes 948 recorded dates, with a 31-day gap from 1 to 31 May 2023.
Alignment across the four finite target series yields 945 common daily observations; three
dates at the end of December 2024 lack complete observations across the regional targets.
Target-specific modeling uses the admissible observations available for each target. A
separately locked confirmation archive contains the following 97 days, from 6 September to
11 December 2025, and provides the fully subsequent evaluation. All fitting, preprocessing,
pathway comparison, and refitting follow chronological order, and learned transformations
are estimated from data available before the corresponding stage.

The internal evidence hierarchy contains one formal 60-day offline pathway-configuration
period, the fixed95 common-window developmental comparison and reporting period,
three retrospective diagnostic windows (T3-T5), and the post97 fully subsequent frozen-
path confirmation. T4 overlaps the 60-day configuration and fixed95 periods, whereas T5 is
contained within fixed95. Fixed95, T3, T4, and T5 provide complementary developmental
or diagnostic evidence and do not replace the 60-day selection layer. The subsequent
T3-T5 periods are used for retrospective temporal diagnostics to evaluate the stability
and temporal generalization characteristics of the configured pathways across different
time stages.

Pooled T3-T5 metrics are recomputed from concatenated daily observations and
forecasts and summarize the combined retrospective diagnostic record. They are re-
ported separately from the fixed95 developmental comparison and the fully subsequent
post97 confirmation.

The internal chronological configuration and evaluation protocol is summarized in
Figure 2a.

https://doi.org/10.3390/en19184248


https://doi.org/10.3390/en19184248

Energies 2026, 19, 4248

15 of 41

1 Jan-31 Mar 2025

T3 T4 TS
1 Apr-30 Jun 2025 1 Jul-5 Sep 2025

Historical training data
1 Jan 2023-3 Apr 2025

F1

- F2
F1 - F4

robustness

F3

F4

F5

final fold

before formal60 overlaps formal60 + fixed95 within fixed95
Sole pathway-selection
window
formal60 fixed95 post97

Pathway configuration Developmental comparison Frozen-path confirmation
4 Apr-2 Jun 2025 3 Jun-5 Sep 2025 6 Sep—11 Dec 2025
N=60 ‘ N=95 ’ N=97

Final refit and

Refit before fixed95 pathway freeze
using data available using data through
before 3 Jun 2025 5 Sep 2025
(@)
<2017 2018 2019 2020 2021 2022 2023

Test 2019

Test 2020

Test 2021

Test 2022

H H H Fit |
Refit through 2022
) 2023

() Fit Select
(b)

() Test/ confirmation

Figure 2. Unified chronology of the internal and external configuration and evaluation protocols.
(a) Internal four-target study: the timeline includes the T3-T5 retrospective diagnostic windows,
the formal60 pathway-selection window, the fixed95 developmental comparison, the refitting and
freezing boundaries, and the fully subsequent post97 confirmation. T4 overlaps formal60 and fixed95,
whereas T5 is contained within fixed95. (b) External RTE study: F1-F4 provide rolling robustness
evidence through annual fit-select-test progression, whereas F5 uses 2022 as the final selection year,
followed by refitting through 2022 and fixed-path confirmation in 2023.

Before the formal60 pathway-configuration window illustrated in Figure 2a, the ef-
fective training sets contained 792, 790, and 782 samples for the thermal, renewable, and
hydropower candidate models, respectively. For imported electricity, the Level and Delta
candidate pathways used 790 and 788 effective training samples, respectively, while the
Persistence pathway generated forecasts directly from the previous-day observation. The
formal60 window then provided 60 comparison dates for each target. After pathway
selection, the retained thermal, renewable, and hydropower models were refitted us-
ing all admissible data available through 5 September 2025, corresponding to 947, 945,
and 937 effective refitting samples, respectively. The retained imported-electricity Per-
sistence pathway continued to generate forecasts directly from the D — 1 observation;
before post97, 945 historical observations were available, with 943 satisfying the D — 1
anchoring requirement.

After the effective samples were determined under the D — 1 information boundary,
target variables and input features were processed according to their respective data
characteristics. Target labels were not imputed; records with non-finite target values or
that were missing the required D — 1 anchor observations were excluded from supervised
training and model evaluation. No explicit outlier deletion was applied to the internal
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target time series. For numerical features used by tree-based models, missing values were
handled using training-set-only median statistics within the fitted preprocessing pipeline.
For the F2-Regional weather interface, daily regional weather indicators were calculated
from available finite registered weather columns. In the external RTE dataset, physically
implausible relative-humidity values were clipped to the range of 0-100%, and small
negative generation measurements were corrected to zero during target cleaning.

Under the same final-refit boundary described above, runtime was evaluated for the re-
tained Transformer-based hydropower pathway, PCA16-TXGB-Delta + ProvincePlanT+Lag
+ output guard. The tests were performed on an Intel Core i7-14700KF workstation with
63.84 GB of RAM, and the Transformer, PCA, and XGBoost stages all ran on the CPU. Aver-
aged over three runs, Transformer fitting and latent-feature generation took 1.457 & 0.013 s,
followed by 0.0066 £ 0.0002 s for PCA fitting and transformation and 0.239 £ 0.017 s for
XGBoost fitting. The full refitting procedure took 1.705 % 0.021 s. Forecast generation for
all 97 post97 days took 0.0299 + 0.0008 s in total, equivalent to 0.000308 £ 0.000008 s per
forecasting day.

2.8.2. External RTE Protocol

The external analysis uses the national consolidated and definitive éCO2mix dataset
released by the French transmission system operator [46]. Half-hourly timestamps are
interpreted in Coordinated Universal Time and converted to the Europe/Paris local cal-
endar before daily aggregation. Valid power records are converted from MW to MWh
using a 0.5 h factor and summed by local day. Daily source-record counts and weather-
coverage statistics are retained for quality control, and local daylight-saving days with 23
or 25 accumulated hours remain in the dataset.

Across 2012-2023, the dataset contained 24 daylight-saving transition days. As a
representation-level sensitivity check, CapF was additionally recalculated on these dates
using the actual local-day duration of 23 or 25 h in place of the fixed 24 h denominator. For
the affected renewable, solar, and wind records on these transition dates, the maximum
relative difference from the fixed-24 h representation was approximately 4.35%, and the
mean absolute relative difference was approximately 4.17%.

Fossil thermal generation is defined as the sum of oil-, coal-, and gas-fired generation;
renewable generation is the sum of wind and solar generation; hydropower, solar gener-
ation, and wind generation are also evaluated separately. The signed physical-exchange
series is retained as net physical exchange so that positive and negative values preserve
flow direction. The resulting daily dataset contains 4383 dates from 1 January 2012 to
31 December 2023. Five outer folds evaluate 20192023 and provide 1826 aligned daily
predictions for each target.

Annual installed capacities were obtained from the RTE/ ODRE national annual
generation-capacity dataset, which reports sector capacity at 31 December [47]. For pre-
dictions in year y, CapF uses the registered capacity at the end of y — 1 and a fixed 24 h
denominator; renewable capacity is the sum of wind and solar capacity. Both external
weather interfaces were derived from ERA5. F2-RTE-Hist contains 13 lagged and rolling
historical-weather variables constructed only from weather information available through
D — 1, whereas W2-RTE contains 20 retrospective target-day ERA5 variables and is used
only by C1-C4 in the separately reported retrospective complete-weather benchmark.
Generic CapF candidates do not automatically include W2-RTE, and net physical exchange
is ineligible for CapF. The exact weather-variable names and daily aggregation rules are
listed in Supplementary Table S4.

The external protocol comprises five RTE rolling-origin outer test folds. F1 selects on
2018 and tests 2019; F2-F5 extend the same sequence by one year and test 2020-2023. All
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preprocessing and fitting procedures use only the corresponding pre-test subset. F1-F4
provide rolling robustness evidence, while F5 uses 2022 inner evidence, refits before 2023,
and keeps the selected path fixed throughout the held-out 2023 evaluation. For W2-RTE,
the associated target-day ERA5 covariates are supplied retrospectively.

The corresponding external rolling-origin chronology is summarized in Figure 2b.

2.8.3. Controlled Training-History Reduction

The internal sample-depth experiment refits the frozen pathways with the full ad-
missible history and with the most recent 450, 365, or 270 training days, while keeping
the post97 evaluation dates unchanged. In the external main analysis, the retrospec-
tive target-day weather pathways are refitted with the full history and with the most
recent 365 days. Forecast-origin-safe training-history results are retained as supplementary
boundary evidence.

2.8.4. Controlled Input-Interface Incompleteness

The main information-unavailability experiment removes the capacity-normalized can-
didate family before fold-specific selection and then repeats configuration and refitting. For
renewable, solar, and wind generation, this removal excludes the retrospective target-day
weather candidates because they use the capacity-normalized representation. A separate
removal of the historical-weather interface is reported in the Supplementary Table S5. The
reported changes therefore describe reconfiguration after candidate eligibility changes,
rather than the isolated effect of a single input variable.

2.8.5. Decoupled Factorial Ablation

To quantify the individual contributions of the main pathway components, a decou-
pled factorial ablation was conducted for the external renewable, solar, and wind targets.
Four factors were crossed independently: capacity scaling (Raw or CapF), retrospective
target-day weather availability (no-W2 or W2-RTE), target representation (Level or Delta),
and predictor family (XGBoost or TXGB). Here, Raw /CapF specifies whether the target
is modeled on its original scale or after previous-year-capacity normalization, whereas
Level/Delta specifies whether the modeled quantity is represented as its absolute value or
inter-day change. The no-W2 setting zero-masks the 20 retrospective target-day W2-RTE
variables while retaining the remaining input structure unchanged, whereas the W2-RTE
setting supplies these variables retrospectively. The resulting 2 x 2 x 2 x 2 design produced
16 predefined configurations for each target and fold. All configurations were evaluated
over the same five rolling-origin outer folds, yielding 240 target-fold fits in total.

For each factor, matched comparisons were constructed by changing only that factor
while keeping the other three factors unchanged. Capacity-normalization effects were esti-
mated from Raw—CapF pairs with identical weather, representation, and predictor settings.
Raw and CapF pairs retained the same exogenous information and predictor setting, with
the contrast changing only the target scaling and its corresponding reconstruction. Weather
effects were estimated from no-W2-W2-RTE pairs with identical capacity, representation,
and predictor settings; representation effects from Level-Delta pairs with identical capacity,
weather, and predictor settings; and predictor-family effects from XGBoost-TXGB pairs
with identical capacity, weather, and representation settings. The factorial analysis was
conducted as a post-configuration diagnostic using the predefined model settings. No
additional pathway selection was performed, and the resulting evidence was retained
separately from the original pathway-selection process.

Factor effects were summarized using matched out-of-sample RMSE differences. A
7-day moving-block bootstrap with 5000 repetitions was used to account for temporal
dependence and to quantify uncertainty in each matched effect. W2-RTE represents retro-
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spective target-day ERAS reanalysis information and serves as an information-availability
benchmark in this analysis.

2.8.6. Repeated-Window Pathway-Selection Stability

To evaluate the stability of the 60-day internal configuration decision under repeated
short-window comparisons, a repeated-window analysis was conducted for all four internal
targets. Eight chronological 60-day configuration windows were registered for each target,
with successive windows shifted by approximately 30 eligible observations. All primary
windows ended on or before 2 June 2025, so fixed95 and post97 data remained outside the
stability analysis. Candidate eligibility, preprocessing, and the registered target-specific
decision rule were reconstructed within each window using only training information
available before that window.

For each frozen-pathway versus alternative comparison, paired RMSE differences
were evaluated using a 7-day moving-block bootstrap with 5000 repetitions to preserve
short-range temporal dependence. Within each target-window family, the resulting one-
sided bootstrap p-values were adjusted by Holm’s step-down procedure at « = 0.05 to
control the family-wise error rate across multiple simultaneous candidate comparisons.
Stability was summarized by the frequency with which the reconstructed decision rule
retained the original formal60 pathway, the frozen-path rank and regret relative to the point-
RMSE winner, and the number of windows containing any Holm-corrected alternative
replacement evidence. A four-window non-overlapping subset was additionally examined
as a sensitivity check. This analysis served as post-configuration revision evidence and did
not alter the original formal60 selections or any subsequent frozen-path evaluation.

2.9. Evaluation, Interpretation, and Uncertainty Quantification
2.9.1. Point-Forecast Metrics
Point forecasts are evaluated using RMSE as the principal error measure, with MAE

and R? used as complementary measures of average absolute deviation and stage-relative
explanatory performance, respectively:

RMSE = (28)

where N is the number of evaluated dates; y; is the observed target value for date 7; and 7;
is the corresponding point forecast.

To facilitate comparison across targets with different output scales, normalized RMSE
(nRMSE) is additionally reported for each target. The normalization uses the mean absolute
observed value over the corresponding evaluation record.

RMSE

NRMSE(%) = 100 X ——————
NIyl

(29)

where N is the number of evaluated dates and y; is the observed target value for date i; the
mean absolute observed value is used as the denominator so that the normalized metric
remains applicable to targets that may contain both positive and negative values.

1N A
MAE = =3 [y — 7l (30)
Ni:1

where N, y;, and #J; have the same meanings as in Equation (28). MAE measures the average
absolute magnitude of the forecast errors.
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R2_1_ N (i —90)°
i (i — )

where ¥ is the mean of the observed values in the corresponding evaluation stage; the

(31)

other symbols are defined above. R? measures performance relative to the evaluation-stage
mean benchmark.
All metrics are computed separately for each target and evaluation stage. Bias is the

mean of prediction minus observation. RMSE skill relative to Persistence is calculated as
RMSEpessistence — RMSEpath

RMSEPersistence . . .
with fold-stratified resampling for the external rolling evaluation.

100 x . Key paired comparisons use 5000 bootstrap repetitions,

2.9.2. Target-Appropriate Interpretation

TreeSHAP is applied to the no-latent Plan-XGBoost-Delta thermal model and the pre-
guard XGBoost core of the hydropower TXGB model. Renewable generation is interpreted
through controlled comparisons of the F2 and PSC information paths and the main effects
of information, model, and target representation. Imported electricity is examined through
prediction errors and day-to-day changes.

2.9.3. Chronological Out-of-Sample Residual Intervals

Empirical chronological out-of-sample absolute-residual intervals are constructed
around the frozen point forecasts. Calibration uses only out-of-sample residuals gener-
ated before the corresponding evaluation period. The renewable calibration data contain
533 residual records spanning 357 dates; when several inner blocks contribute residuals
for the same date, they are averaged to form one date-balanced calibration residual. Hy-
dropower calibration uses 95 out-of-sample residuals from the fixed95 dates and applies
the resulting interval only to the subsequent post97 period.

a; = |y; — 9i (32)

where i indexes a registered chronological out-of-sample calibration record, y; is the ob-
served value, and 7; is the corresponding out-of-sample forecast.

Let the absolute residuals be ordered increasingly. For nominal miscoverage «, the
bounded one-based rank and interval half-width are as follows:

k= min{[(nrgs + 1)(1 — (X)]/ nres}/qA = (k) (33)

where 7,,5 is the number of calibration residuals, k is the bounded one-based order-statistic
rank, and 4 is the k-th ordered absolute residual. The unrounded § is used in all coverage
and width calculations.

For evaluation date d, the empirical interval is centered on the frozen point forecast
with lower and upper bounds #; — § and ; + §, respectively:

Zs = [9a— 4,94 + 4] (34)
where Z; is the prediction interval for evaluation date d, fj; is the frozen point forecast, and

g is the residual quantile defined in Equation (33).
Empirical coverage and interval sharpness are summarized by PICP and MPIW:

N
PICP — Y Hyq € Iy} (35)
Nd:l
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where 1{-} is the indicator function, Z; is the prediction interval for evaluation date d, and
N is the number of evaluated dates.
1 N
MPIW = — U;—L 36
Nd:Zl (Ug — La) (36)

where L; and Uy are the lower and upper bounds of the prediction interval for evaluation
date d, and N is the number of evaluated dates.

Within this subsection, residual-record index i denotes calibration rows, whereas date
index d denotes evaluation days. PICP and MPIW summarize empirical chronological
coverage and mean interval width; no formal coverage guarantee is assigned to these
target-specific residual sources.

To examine whether a fixed residual width remains adequate as forecast errors evolve
over time, the uncertainty analysis was extended to two sequential 60-day calibration
schemes applied to the unchanged frozen point forecasts: rolling conformal calibration
(RC60) and adaptive conformal calibration (ACI60). FIXED uses the pre-post97 calibration
set without sequential updating, whereas RC60 recalculates the finite-sample residual
quantile from the most recent 60 admissible residual dates before each forecast date. ACI60
uses the same 60-date rolling residual pool and further updates the effective miscoverage
level after each newly observed outcome.

For ACI60, the nominal miscoverage level is &« = 0.10, with an update step of y = 0.01.
After each observation becomes available, the effective level for the next forecast date is
updated by adding v (o — my) to the current value and restricting the result to [0.01, 0.50],
where m; = 1 when the realized observation falls outside the interval and m,; = 0 otherwise.
Each interval is determined from prior calibration information, with the observation on
date d incorporated into subsequent updates.

Interval performance is evaluated using prediction interval coverage probability
(PICP), mean prediction interval width (MPIW), and mean interval score (MIS). MIS
summarizes the coverage-sharpness trade-off by combining interval width with penalties
for observations falling below the lower bound or above the upper bound. Lower MIS
values indicate more favorable overall interval performance.

Additional robustness checks examine directional asymmetry and forecast-magnitude
dependence. The asymmetric rolling and adaptive variants estimate the lower and upper
signed-residual tails separately. For the magnitude-normalized variants, the calibration
score for target date d is defined as follows:

lea]

= 1dal 37
1= max(194],50) (37

where ¢; = y; — 1) is the forecast error, fj; is the frozen point forecast, and sy is the
5th percentile of the absolute date-balanced calibration forecasts. All robustness variants
retain the same frozen point forecasts and use only residual information available before
each post97 forecast date. Detailed results are reported in Supplementary Tables S6 and S7.

A weather-conditioned robustness diagnostic was additionally conducted for renew-
able generation using two forecast-origin-valid F2-Regional variables: daily mean 100 m
wind speed and daily shortwave-radiation sum. For each variable, the median over the
357 pre-post97 date-balanced calibration dates defined a fixed Low /High threshold, with
Low values below the median and High values at or above it. The existing FIXED, RC60,
and ACI60 intervals were then evaluated within each regime while retaining their orig-
inal frozen point forecasts and interval bounds. This diagnostic therefore characterizes
conditional interval behavior under different meteorological states while preserving the
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chronological calibration protocol. The regime definitions, sample composition, and inter-

pretation are reported in Supplementary Table S8.

2.10. Implementation Settings

All records are ordered chronologically, and missing-value handling, scaling, Trans-

former learning, and PCA fitting are estimated from training data only. Table 3 reports the

core implementation settings, information boundaries, and pre-specified controls. Detailed

model-family and hyperparameter specifications are provided in Supplementary Table S9,

while target-specific candidate eligibility is summarized in Supplementary Table S10.

Table 3. Core implementation settings, interface boundaries, and pre-specified controls.

Component Core Setting
Forecast horizon One day ahead
Transformer candidate input length 7 days

Transformer candidate architecture

Model dimension 32; 2 attention heads; 1 encoder layer; feed-forward
dimension 64

Transformer regularization

Dropout 0.15; GELU activation

Hydropower latent compression

16 PCA components

Renewable Random Forest

300 trees; maximum depth 6; minimum samples per leaf 5

Renewable RF seeds

42,43, and 44; arithmetic prediction average

XGBoost learning structure

Learning rate 0.04; maximum depth 3; minimum child weight 3

XGBoost sampling

Subsample 0.85; column subsample 0.85

XGBoost regularization

L1 coefficient 0.1; L2 coefficient 1.0

Imported-electricity predictor

Persistence; no fitted model hyperparameters

External CapF denominator

Previous-year forecast-origin-safe registered capacity x fixed 24 h;
reported as previous-year-capacity-normalized 24 h daily utilization.

Hydropower output guard

Replace a negative or non-finite reconstructed forecast with the D — 1
Persistence value

External retrospective target-day
weather candidates

C1 W2-RTE-CapF-XGBoost-Level; C2 W2-RTE-CapF-XGBoost-Delta;
C3 W2-RTE-CapF-TXGB-Level; C4 W2-RTE-CapF-TXGB-Delta

Training-history settings

Four-target FULL/N450/N365/N270; external FULL/N365 with
separate fold-specific nested selections and unchanged outer dates

Paired uncertainty analysis

5000 bootstrap repetitions; fold-stratified resampling for
external comparisons

External annual fold boundaries

F1: fit < 2017, select 2018, refit < 2018, test 2019; F2: fit < 2018, select
2019, refit < 2019, test 2020; F3-F5 extend this sequence through the
2022—2023 fold

The implementation settings of TimeXer and PatchTST used in the post97 contemporary-

baseline comparison, together with the other reproducibility settings, are summarized in

Supplementary Table S9.

3. Results

3.1. Chronological Pathway Selection for the Four Targets

All admissible pathways were evaluated on the same 60-day offline configuration

period. RMSE provided the common numerical comparison, and close alternatives were as-

sessed with the paired-bootstrap criterion defined in Section 2.7. When multiple pathways
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showed comparable performance, pathway selection was determined by considering both
point forecasting performance and the statistical support of performance differences. Table 4
reports the retained pathway, the nearest admissible alternative, and the paired uncertainty
for each target. The fixed95 and post97 periods were excluded from this selection.

Table 4. Target-specific pathway decisions from the 60-day offline configuration period.

Target

Retained Pathway

Alternative — Retained

60-Day RMSE Nearest Alternative ARMSE [95% Interval]

(MWh) (RMSE, MWh) (MWh)
Local thermal LightGBM-Native-
generation Plan-XGB-Delta 157.634 Delta (180.353) +22.719 [9.880, 33.072]
Renewable F2-Regional-RF- F2-Regional-
eneration Level (seeds 3191.163 XGBoost-Level —58.441 [—245.148, 137.051]
& 42/43/44) (3132.722)
Hydropower = PCA16-TXGB-Delta + RF-Native-Delta
generation output guard 256.942 (259.501) +2.558 [—24.081, 25.638]
Imported . Ridge-Native-Delta B
electricity Persistence 2285.279 (2316.256) +30.977 [—-98.647, 220.724]

Note: ARMSE and its paired interval are defined as alternative minus retained, consistent with
Equation (26). Negative values indicate lower RMSE for the alternative pathway. The fixed95 and
post97 periods were excluded from pathway selection, and the hydropower guard was applied only
after model output was produced.

For renewable generation, F2-Regional-XGBoost-Level achieved a 58.441 MWh lower
point RMSE than F2-Regional-RF-Level during formal60. However, the paired-bootstrap
interval reported in Table 4 included zero, and the estimated improvement probability of
0.7336 remained below the pre-specified 0.95 replacement threshold. Equation (26) was
therefore not satisfied, and F2-Regional-RF-Level was retained. Hydropower retained
PCA16-TXGB-Delta, with the guard applied only as an output rule. Imported electricity
retained Persistence under the available information.

The target-specific pathway decisions above were established using the formal60
configuration window. To assess their robustness to the temporal placement of the 60-day
configuration period, the same registered decision logic was reapplied across eight rolling
60-day windows for each internal target. Selection stability was evaluated using pathway-
retention frequency together with dependence-aware and multiplicity-controlled alterna-
tive comparisons.

As summarized in Table 5, the original formal60 pathway was retained in all eight
thermal windows, six of eight renewable windows, six of eight hydropower windows, and
seven of eight imported-electricity windows. The candidate with the lowest point RMSE
changed in some short windows, indicating moderate sensitivity to window placement.
After the 7-day moving-block bootstrap and Holm correction, alternative replacement
evidence appeared in none of the thermal or renewable windows and in one hydropower
and one imported-electricity window. The four-window non-overlapping subset produced
no Holm-corrected replacement evidence for any target.

As a separate sensitivity analysis, a dependence-aware 7-day moving-block boot-
strap was applied to the same 60 formal60 dates. The resulting RMSE-difference interval
was [—268.668, 135.807] MWh and included zero. A one-sided test based on the cen-
tered squared-error differential yielded an unadjusted p-value of 0.2773, which became
1.0000 after Holm correction across the 21 pre-specified candidate comparisons. These
results provided no multiplicity-controlled evidence for replacing the retained RF pathway.
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The four-window non-overlapping sensitivity analysis likewise identified no alternative
pathway that remained significant after Holm correction for any target.

Table 5. Repeated-window stability of the internal pathway-selection decisions.

Target Rolling 60-Day Original Formal60 Windows with Holm-Corrected
Windows Pathway Retained Alternative Evidence
Thermal generation 8 8/8 (100%) 0/8
Renewable generation 8 6/8 (75%) 0/8
Hydropower generation 8 6/8 (75%) 1/8
Imported electricity 8 7/8 (87.5%) 1/8

Note: Eight chronological 60-day windows were evaluated for each target, and all windows ended
on or before 2 June 2025. “Original formal60 pathway retained” denotes the frequency with which
the registered decision rule retained the pathway selected in the formal 60-day configuration pe-
riod. Alternative replacement evidence was assessed using a 7-day moving-block bootstrap with
5000 repetitions followed by Holm correction at o« = 0.05. A four-window non-overlapping subset
was additionally examined as a sensitivity check.

After the 60-day offline configuration, the frozen pathways were refitted using data
available before 3 June 2025 and evaluated on the common 95 dates from 3 June to
5 September 2025. This fixed95 period is a developmental comparison and reporting
layer. Table 6 summarizes the archived daily-prediction metrics and remains separate
from post97 confirmation.

Table 6. Performance of the retained pathways during the aligned 95-day developmental compari-
son window.

Target Frozen Pathway (1;41\3?1]3 (11\\44@}131) R? (h]/s[i/i:lsh) RSI\IESIE

Local thermal Plan-XGB-Delta 188.094 141962 07196  —14381  13.37%
generation

Renewable generation F2-Regional-RF-Level 2822421  2215.023  0.6751  —285.484 40.70%

Hydropower generation ~PCA16-TXGB-Delta + guard  350.623 231.302 0.8662 7.962 1.67%

Imported electricity Persistence 1675.615  1078.947  0.6438 7.368 0.00%

Note: All targets use the same 95 dates. Bias is prediction minus observation. RMSE skill is calculated
relative to the target-specific Persistence forecast. The window supports aligned developmental
comparison and is separate from the fully subsequent post97 confirmation.

The aligned comparison retained the target-dependent pattern observed during config-
uration. Renewable generation achieved the largest improvement over Persistence (40.70%),
local thermal generation improved by 13.37%, and hydropower provided a smaller 1.67%
gain. Imported electricity remained assigned to Persistence. Hydropower achieved the
highest R? (0.8662), while the lower renewable R? reflects the greater daily variability of
aggregated wind and solar output during this window.

3.2. Chronological Robustness Across T3-T5

Figure 3 presents retrospective stage-wise performance across T3-T5, and Table 7
reports pooled metrics recomputed from concatenated daily observations and forecasts. T3
describes the pre-configuration stage, T4 describes the configuration-overlap stage, and T5
extends the analysis to a later period. Thermal generation remained strong in T3 and T4
but weakened in T5; renewable generation improved after T3; hydropower retained high
explanatory performance; and imported electricity varied most across stages.
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Figure 3. Stage-wise forecasting performance of the four frozen pathways across T3-T5 and the
pooled period: (a) local thermal generation; (b) renewable generation; (¢) hydropower generation;
and (d) imported electricity.
Table 7. Pooled T3-T5 performance and relative RMSE improvement over Persistence.
Pooled RMSE > Persistence RMSE
Target Frozen Pathway N (MWh) Pooled R RMSE (MWh) Skill
Local thermal Plan-XGB-Delta 248 157.883 0.8810 199.397 20.82%
generation
Renewable F2Regional-RE- 47 3364.193 0.6543 5674.307 40.71%
generation Level
Hgiif;gfgf PCAli'g;g'Delta 247 305.927 0.8972 311.573 1.81%
Imported electricity Persistence 247 1610.014 0.9212 1610.014 0.00%

Note: N denotes aligned daily observations. Pooled T3-T5 metrics summarize the concatenated
retrospective diagnostic record. The pooled R? reflects both within-stage forecasting performance
and variation among the three stages.

Across the concatenated T3-T5 record, the retained pathways achieved RMSEs of
157.883, 3364.193, 305.927, and 1610.014 MWh for local thermal generation, renewable
generation, hydropower, and imported electricity, respectively. Figure 3 further shows
target-dependent temporal behavior: hydropower remained comparatively stable, re-
newable forecasting improved after T3, and imported electricity showed the greatest
stage-to-stage variation.
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3.3. Fully Subsequent 97-Day Confirmation
3.3.1. Point-Forecast Performance

Each selected configuration was refitted using all admissible data available
through 5 September 2025 and then evaluated on the next 97 days, from 6 September to
11 December 2025. Table 8 reports the point-forecast metrics, and Figure 4 compares the
observed and predicted daily electricity volumes.

Table 8. Performance of the four frozen pathways during the subsequent 97-day confirmation period.

Target Frozen Pathway N (1;/[1\3515 nR(o/l\o/[)SE (1\1\//[[3]}31) R? (h]/g[izi)
Local thermal generation Plan-XGB-Delta 97 148.645 16.02 100.396 0.8084 50.111
Renewable generation F2-Regional-RF-Level 97 2759.543 21.88 2193.202 0.7337 92.499
Hydropower generation PCA16-TXGB-Delta + guard 97  429.113 9.82 298.332 0.7782 —62.024
Imported electricity Persistence 97  1728.416 9.36 1265.979 0.5212 47.423

Note: N denotes the number of daily observations in the confirmation period. All four targets are
evaluated on the same 97 dates. nRMSE is calculated as RMSE divided by the mean absolute observed
value over the corresponding evaluation record and expressed as a percentage.
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Figure 4. Observed and frozen-path predicted electricity volumes during the subsequent 97-day con-
firmation period: (a) local thermal generation; (b) renewable generation; (c) hydropower generation;
and (d) imported electricity.
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The fully subsequent period confirmed strong thermal and renewable performance,
with R? values of 0.8084 and 0.7337, respectively. Hydropower retained R? = 0.7782, al-
though its incremental advantage over Persistence remained limited. Imported electricity
was less stable in this later period (R2 = 0.5212), consistent with the absence of transac-
tion schedules, tie-line plans, and external dispatch states. In market-oriented use, the
thermal and regional supply forecasts provide quantitative inputs for day-ahead volume
assessment, whereas the larger exchange errors indicate greater uncertainty in interregional
procurement requirements.

3.3.2. Post Hoc Comparison with Pre-Specified Branches and Contemporary Forecasting
Baselines on the Subsequent 97-Day Period

After pathway selection and freezing, the pre-specified candidates were further com-
pared over the same 97 subsequent dates to characterize their performance differences. As
shown in Figure 5, the retained thermal and renewable pathways reduced RMSE relative
to Persistence by 23.2% and 50.9%, respectively. For hydropower, the guard was inactive,
so the pre-guard and final forecasts were identical. The no-latent XGB-Delta branch was
1.8% worse than Persistence, whereas PCA16-TXGB-Delta was 0.6% better; the direct com-
parison corresponds to a 2.44% lower RMSE for the latent pathway. For imported electricity,
PCAS8-TXGB-Delta produced a 1.2% point improvement, but its paired interval included zero.

B Retained pathway Other candidate
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PSC-RF-Level 13.1
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Figure 5. RMSE skill of the pre-specified candidate pathways relative to Persistence over the sub-
sequent 97-day period: (a) local thermal generation; (b) renewable generation; (c) hydropower
generation; and (d) imported electricity.
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To broaden the benchmark comparison during the post97 stage, TimeXer and PatchTST
were included alongside Persistence and the pre-specified model branches and evaluated
over the same 97 fully subsequent dates. For thermal, renewable, and hydropower fore-
casting, the frozen pathways achieved lower RMSE than both contemporary baselines.
Relative to TimeXer, the RMSE reductions were 20.5%, 44.3%, and 8.9%, respectively, while
the corresponding reductions relative to PatchTST were 27.1%, 45.2%, and 8.8%. Across
these six comparisons, the 95% confidence intervals of the RMSE differences, obtained
using a 7-day moving-block bootstrap, did not cross zero, indicating that the observed
performance advantages remained statistically stable after accounting for temporal depen-
dence. For imported-electricity forecasting, TimeXer achieved a point RMSE 3.4% lower
than that of the frozen Persistence pathway, whereas PatchTST produced a higher point
RMSE. In both paired comparisons, however, the 95% confidence intervals crossed zero.
This indicates that the RMSE difference changed signs across bootstrap resamples and
therefore did not provide stable evidence that either contemporary baseline consistently
outperformed or underperformed the frozen Persistence pathway over the fully subsequent
97-day period. Accordingly, Persistence, TimeXer, and PatchTST are treated as statistically
comparable for imported-electricity forecasting in this evaluation. Table 9 summarizes the
direct post97 comparisons.

Table 9. Comparison of the frozen pathways with Persistence and contemporary forecasting baselines
over the fully subsequent 97-day period.

Frozen Persistence TimeXer PatchTST TimeXer — Frozen PatchTST — Frozen
Target Pathway RMSE RMSE RMSE RMSE ARMSE ARMSE
(MWh) (MWh) (MWh) (MWh) [95% CI] [95% CI]
+38.401 +55.148
Thermal 148.645 193.546 187.046 203.793 [14.932, 57.740] [22.938, 82.160]
+2192.587 +2272.942
Renewable 2759.543 5621.809 4952.130 5032.484 [1072.903, 3222.544] [1102.578, 3370.312]
+42.137 +41.406
Hydropower 429.113 431917 471.250 470.520 [14.779, 70.551] [7.255, 77.036]
Imported —56.830 +72.536
electricity 1728416 1728.416 1671.586 1800.952 [—131.874, 10.050] [—37.269, 160.016]

Note: All methods are evaluated on the same fully subsequent 97 dates. ARMSE is defined as
baseline RMSE minus frozen-pathway RMSE, so positive values favor the frozen pathway. The paired
95% intervals were obtained using a 7-day moving-block bootstrap with 5000 repetitions. TimeXer
and PatchTST were evaluated as post-configuration contemporary reference baselines and did not
participate in the original pathway-selection process.

3.4. Training-History Sensitivity and External Pathway Stability
3.4.1. Four-Target Training-History Reduction

The selected four-target configurations were refitted under FULL, N450, N365, and
N270 and evaluated on the same 97 dates. Holding the evaluation dates fixed isolates
the effect of training-history length. Table 10 and Figure A1 (Appendix A) show that the
response is target-dependent and not uniformly monotonic.

Renewable generation was the most sample-sensitive learned pathway: N365 re-
mained within 4.75% of FULL, whereas N270 increased RMSE by 21.61%. Its R? decreased
from 0.7337 under FULL to 0.7078 at N365 and 0.6061 at N270. Hydropower R? declined
gradually from 0.7782 to 0.7453, while the thermal N270 setting increased R? from 0.8084
to 0.8229. These results show that sample-depth effects are target-dependent and not
uniformly monotonic.
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Table 10. RMSE changes and corresponding R? values under controlled reductions in four-target
training-history length.

Target FULL RMSE/R? N450 Change/R?> N365 Change/R?> N270 Change/R? Interpretation
Local thermal ~ 148.645 MWh +7.45% +6.13% —3.87% mi"eﬁaﬁ";‘:;ﬁflt
generation R? = 0.8084 R? =0.7788 R? = 0.7841 R? = 0.8229 y
around one year
Renewable 2759543 MWh +7.65% +4.75% L6l Moderateat NO6
generation R? =0.7337 R? =0.6914 R? =0.7078 R? = 0.6061 &
at N270
Hydropower  429.113 MWh +2.89% +3.85% +7.16% iriigiiiz?‘;lv‘éfk
generation R2 = 0.7782 R? = 0.7652 R? = 0.7608 R? = 0.7453 8 We
incremental gain
Unchanged because
Imported 1728.416 MWh 0.00% 0.00% 0.00% Persistence requires
electricity R? = 0.5212 R? =0.5212 R? = 0.5212 R? = 0.5212 no fitted training
sample
Note: FULL uses all admissible training history, whereas N450, N365, and N270 retain the most recent
450, 365, and 270 training days. All settings use the same 97 evaluation dates. A negative RMSE
change denotes lower RMSE than FULL. R? is calculated on the same fixed evaluation dates for each
training-history setting. Because Persistence is model free, the imported-electricity predictions and
R? values are unchanged across these training-depth labels.
3.4.2. External Rolling-Origin Pathway Stability with Retrospective Target-Day Weather
The main external rolling-origin analysis focuses on renewable, solar, and wind gener-
ation under retrospectively supplied target-day weather. Table 11 lists the pathway selected
in each annual fold and the configuration selected from 2022 evidence and held fixed for
2023. The complete forecast-origin-safe pathways for all six external targets are provided
in Supplementary Table S11.
Table 11. Configuration frequencies and 2023 fixed pathways in the retrospective target-day
weather evaluation.
Target Configuration Frequency Across Five Folds Path Fixed for 2023
Renewable XGBoost-Level: 3; TXGB-Level: 1; TXGB-Delta: 1 C4-W2-RTE-CapF-TXGB-Delta
Solar XGBoost-Level: 2; XGBoost-Delta: 1; TXGB-Level: 1; TXGB-Delta: 1 C1-W2-RTE-CapF-XGBoost-Level
Wind XGBoost-Level: 2; XGBoost-Delta: 1; TXGB-Delta: 2 C4-W2-RTE-CapF-TXGB-Delta

Note: The five selections comprise the four rolling folds for 2019-2022 and the pathway selected from
2022 with inner evidence for the fixed 2023 evaluation. Complete fold-specific pathway labels are
reported in Supplementary Table S12.

Under the forecast-origin-safe external registry, FULL R? values for fossil thermal
generation, renewable generation, hydropower generation, net physical exchange, solar
generation, and wind generation were 0.8743, 0.4660, 0.9007, 0.8371, 0.8520, and 0.5027, re-
spectively. These results define the operationally admissible information boundary, whereas
the W2-RTE results reported below represent a retrospective complete-weather benchmark.

The selected target representation and predictor family varied across folds, although
all candidates shared target-day weather and previous-year capacity normalization. This
variability supports fold-specific configuration rather than a single fixed model for all years
and targets.

3.4.3. External Performance and 365-Day Training-History Sensitivity

Table 12 reports the external rolling-origin performance of renewable, solar, and wind
generation under retrospectively supplied target-day weather. With the full training history,
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R? reached 0.9383, 0.9706, and 0.9509, respectively. Restricting training to the most recent
365 days increased RMSE by 34.89%, 28.39%, and 32.63%. Forecast-origin-safe FULL and
recoverable N365 results are reported separately in Supplementary Table S13.

Table 12. External retrospective target-day weather performance and N365 sensitivity over the
2019-2023 outer folds.

FULL RMSE »  N365 RMSE 2 RMSE

Target (MWHh) FULL R (MWh) N365 R Change
Renewable 18,173.759 0.9383 24,514.593 0.8878 +34.89%
Solar 4066.762 0.9706 5221.180 0.9515 +28.39%
Wind 17,216.579 0.9509 22,833.842 0.9136 +32.63%

Note: FULL and N365 use the same 1826 aligned outer evaluation dates. The target-day weather in-
puts are retrospective and define a retrospective complete-weather benchmark and not an operational
weather feed.

The three weather-driven targets remained accurate under the full-history setting
but degraded when training was limited to the most recent 365 days. The target-specific
magnitude of this decline indicates that training-history requirements depend on the
selected information and representation pathway.

3.5. Fixed-Path 2023 Evaluation Under Retrospective Target-Day Weather

Using 2022 as the final offline configuration period, one retrospective target-day
weather pathway was selected for each of renewable, solar, and wind generation, refitted
with admissible data available before 2023, and held fixed throughout 2023. The 2023 target
observations were fully excluded from pathway selection and model fitting; however, target-
day ERAb5 covariates were supplied retrospectively. This experiment therefore represents
a held-out retrospective-weather benchmark rather than an operational weather-forecast
evaluation. Table 13 reports the fixed-path 2023 results. Forecast-origin-safe results for all
six external targets are retained in Supplementary Table 514.

Table 13. Fixed-path 2023 performance under retrospective target-day weather.

Target 2022-Selected Frozen Path 2023 RMSE (MWh) 2023 R?
Renewable C4-W2-RTE-CapF-TXGB-Delta 22,794.939 0.9246
Solar C1-W2-RTE-CapF-XGBoost-Level 5598.011 0.9621
Wind C4-W2-RTE-CapF-TXGB-Delta 22,055.286 0.9456

Note: All pathways were selected using 2022 inner evidence, refitted with admissible data available
before 2023, and held fixed throughout 2023. Target-day weather was supplied retrospectively.

The fixed 2023 pathways achieved R? values of 0.9246, 0.9621, and 0.9456 for renewable,
solar, and wind generation, respectively.

The fixed-path 2023 results were consistent with the rolling-origin evaluation and
showed that the selected pathways remained accurate over a complete held-out target year
under the same retrospective target-day weather setting.

3.6. Controlled Information Unavailability

To examine incomplete operational information, the capacity-normalized candidate
family was removed before fold-specific selection, after which configuration and refitting
were repeated. For renewable, solar, and wind generation, this removal also excluded
the retrospective target-day weather pathways. Table 14 reports the resulting changes.
The separate historical-weather-interface removal is provided in Supplementary Table S5.
This experiment therefore characterizes candidate-space availability and the resulting
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pathway reconfiguration, while the component-specific effects of capacity scaling, W2-RTE
availability, target representation, and predictor family are evaluated separately in the
decoupled factorial ablation.

Table 14. Performance after removal of the capacity-normalized candidate family.

Target Changed Folds = Pooled RMSE (MWh) R? RMSE Change

Renewable 5/5 53,407.994 0.4674 +193.874%
Solar 5/5 9091.208 0.8528 +123.549%
Wind 5/5 54,804.567 0.5024 +218.324%

Note: All five folds selected a different pathway after the candidate-family removal. Complete
reconfigured paths are reported in Supplementary Table S15. Because the removal also excluded the
retrospective target-day weather pathways, the changes represent the combined effect of candidate
removal, fold-specific reconfiguration, and refitting. The reported values characterize the combined
candidate-space availability and reconfiguration response. Component-specific effects are reported
separately in the decoupled factorial ablation.

Removing the capacity-normalized candidate family changed the selected pathway
in all five folds for renewable, solar, and wind generation and increased pooled RMSE by
193.874%, 123.549%, and 218.324%, respectively. These values characterize the combined
candidate-space reconfiguration and refitting response, while the component-specific effects
are reported separately in Section 3.7.

3.7. Decoupled Factorial Ablation of Pathway Components

The decoupled factorial analysis separated the individual effects of capacity normal-
ization, retrospective target-day weather availability, target representation, and predictor
family under matched conditions. For each factor, only the factor of interest was changed,
while the other three factors were kept unchanged. Table 15 summarizes the pooled
matched RMSE differences and the corresponding 95% moving-block-bootstrap intervals
for the external renewable, solar, and wind targets.

Table 15. Matched RMSE effects of the four-factor decoupled ablation for the external RTE weather-
driven targets.

Matched Contrast Renewable ARMSE (MWh) Solar ARMSE (MWh) Wind ARMSE (MWh)

Factor (A — B) [95% CI] [95% CI] [95% CI]
Capacity Raw — CanF +3680.167 +1676.214 +1967.901
normalization p [2870.879, 4488.769] [1352.246, 2025.833] [1392.603, 2577.095]
Target-day . +35,551.986 +3477.987 +37,576.828
weather no-W2 — W2-RTE [33,160.564, 37,921.402] [3195.771,3765.580]  [35,042.375, 39,998.338]
Target Delta  Level ~1381.543 ~1241.283 ~1129.588
representation [—2322.157, —480.318] [—1604.485, —903.358]  [-2204.716, —155.258]
. . —4231.384 +180.560 — 4924573
Predictor family XGB — TXGB [—5168.995, —3350.233] [21.665, 338.542] [—5866.091, —3998.227]

Note: ARMSE = RMSE(A) — RMSE(B) for the matched contrast shown in the second column. Positive
values indicate lower RMSE for condition B, whereas negative values indicate lower RMSE for
condition A. Each comparison changes only the indicated factor while holding the other three factors
fixed. The 95% intervals were obtained using a 7-day moving-block bootstrap with 5000 repetitions.
W2-RTE denotes retrospective target-day ERA5 reanalysis information.

The matched factorial analysis reveals clear differences in the contributions of indi-
vidual pathway components. Retrospective target-day W2-RTE availability produced the
largest RMSE reductions, particularly for renewable and wind generation, while capacity
normalization provided consistent improvements across all three external targets. The
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preferred target representation in these external comparisons was Delta, and the predictor-
family effect varied by target, with XGBoost performing better for renewable and wind
generation and TXGB showing a smaller advantage for solar generation. Taken together,
these results show that information availability, target representation, and predictor family
contribute at different magnitudes across forecasting targets, supporting their treatment as
distinct target-dependent dimensions within pathway configuration.

3.8. Configuration Effects and Target-Specific Model Interpretation

Table 16 summarizes the performance differences associated with the main configura-
tion choices examined in this study. It includes comparisons of the renewable information
interface, target representation, and predictor family; the hydropower temporal represen-
tation and output rule; and external candidate-family availability. The comparisons were
conducted under their respective chronological protocols, and each result is interpreted
within the corresponding evaluation setting.

Table 16. Controlled pathway and candidate-space analyses across target-specific evaluation records.

Analys.ls Controlled Cpmpanson and Main Result Interpretation
Dimension Evaluation Record
. F2-Regional vs. PSC for F2-Regional was associated Regional w eather information
Information . . was a major source of the
interface renewable generation; pooled with a 1068.633 MWh renewable-performance
T3-T5 dates lower RMSE. .
difference.
Level was associated with The preferrgd target
Target Level vs. Delta for renewable 2 1292.274 MWh lower representation depended on
representation generation; pooled T3-T5 dates ’ the operating characteristics of

RMSE.

the target.

Predictor family

RF vs. XGBoost for renewable
generation; pooled T3-T5 dates

RF was associated with a
204.894 MWh lower RMSE.

The predictor-family
difference was smaller than
the information-interface and
representation differences.

PCA16-TXGB-Delta vs.

PCA16-TXGB-Delta

The compressed temporal

ro 1;1?; (’)fI;ilon no-latent XGB-Delta for achieved a 2.44% lower representation provided a
p hydropower; post97 RMSE. limited target-specific gain.
The guard remained
Output rule Pre-guard vs. guarded inactive, and the two The guard served as an output

hydropower forecasts; post97

forecasts were identical.

safety rule during this period.

Candidate-family
availability

Complete candidate space vs.
removal of the CapF family and
associated retrospective
W2-RTE pathways; external
rolling-origin folds

All folds were
reconfigured, and pooled
RMSE increased by
123.55-218.32%.

Candidate-family availability
affected both pathway
selection and subsequent
performance.

Note: Each row reports an independent controlled analysis using the target and evaluation record
specified in the second column. Because the rows differ in target, period, and result scale, the reported
values are interpreted only within their respective comparisons. In the final row, the RMSE change
represents the overall performance response after removing the capacity-normalized pathway set
and its associated retrospective W2-RTE pathways, followed by fold-specific pathway reselection and
model refitting.

Across the renewable comparisons, the differences associated with the information
interface and target representation were larger than the predictor-family difference. For
hydropower, the temporal representation produced a smaller improvement, while the
guard acted as a safety rule during post97. The external candidate-family analysis fur-
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ther shows that changes in pathway eligibility can affect both fold-specific selection and
the performance obtained after refitting. Figure 6 complements these comparisons with
interpretation evidence matched to each retained forecasting mechanism.
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Figure 6. Target-specific interpretation of the retained forecasting pathways: (a) normalized mean
absolute SHAP contributions for local thermal generation; (b) signed post97 RMSE main effects for
renewable generation; (¢) normalized mean absolute SHAP contributions for hydropower generation;
and (d) Persistence RMSE across quartiles of absolute inter-day target change for imported electricity.
Positive values in panel (b) favor F2-Regional over PSC and Level over Delta, whereas negative
values favor XGBoost over RF.

Figure 6 provides target-appropriate interpretation of the retained forecasting mech-
anisms. For local thermal generation, the fitted model relied most strongly on weather
variables and ProvincePlanT+Lag according to mean absolute SHAP values. For renewable
generation, panel (b) reports signed post97 main effects: positive values indicate lower
RMSE for F2-Regional than PSC and for Level than Delta, whereas the negative model
effect indicates lower RMSE for XGBoost than RF during post97. Across the pooled T3-T5
common-date record, F2-Regional, Level, and RF were associated with RMSE advantages
of 1068.633, 1292.274, and 204.894 MWHh, respectively.

For hydropower, the fitted XGBoost core relied most strongly on the PCA-compressed
Transformer features and historical target change according to normalized TreeSHAP
values. The post hoc 97-day comparison was associated with a 2.44% lower RMSE for the
latent pathway than for the no-latent XGB-Delta branch. The output guard was inactive, so
the pre-guard and final forecasts were identical. For imported electricity, Persistence errors
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increased across target-change quantiles, indicating that level continuity was informative
while large daily changes remained difficult to anticipate.

3.9. Chronological Rolling and Adaptive Uncertainty Performance

The fixed, rolling, and adaptive interval-calibration schemes were evaluated over the
same fully subsequent 97-day post97 period for renewable and hydropower generation. The
frozen point forecasts were identical across FIXED, RC60, and ACI60, and only the interval-
calibration procedure varied. Renewable calibration followed the date-balanced convention
defined in Section 2.9.3, aggregating 533 chronological out-of-sample residual records to
357 unique calibration dates. Figure 7 shows the nominal 90% prediction intervals obtained
using the FIXED calibration scheme for renewable and hydropower generation during
the subsequent 97-day period. For each target, the interval half-width is calibrated using
pre-post97 chronological out-of-sample absolute residuals and remains fixed throughout
this period.

90% interval = Actual ==- Prediction 90% interval = Actual ==- Prediction

6000

5000

4000

MWh

3000

2000

1000

(a) (b)

Figure 7. Nominal 90% prediction intervals obtained using the FIXED calibration scheme during the
fully subsequent 97-day post97 period: (a) renewable generation and (b) hydropower generation.

As shown in Table 17, the FIXED renewable interval yielded PICP = 0.9588 and
MPIW = 10,715.370 MWh. RC60 brought the coverage closer to the nominal 0.90 level
while reducing MPIW to 9315.210 MWh, and ACI60 produced the same PICP of 0.9175
with MPIW = 9310.011 MWh and MIS = 11,406.530. For hydropower, FIXED yielded
PICP = 0.8454. RC60 increased coverage to 0.8660, and ACI60 further increased it to 0.8969,
corresponding to a coverage error of 0.0031. The accompanying increase in hydropower
interval width reflects the coverage-sharpness trade-off under sequential adaptation.

Table 17. Performance of fixed, rolling, and adaptive 90% prediction intervals over the fully subse-
quent post97 period.

Target Method PICP Coverage Error MPIW (MWh) MIS
FIXED 0.9588 0.0588 10,715.370 11,908.540
Renewable RC60 0.9175 0.0175 9315.210 11,408.794
generation
ACI60 0.9175 0.0175 9310.011 11,406.530
FIXED 0.8454 0.0546 1036.685 2273.374
Hydropower g ¢, 0.8660 0.0340 1623.692 2398.068
generation
ACI60 0.8969 0.0031 1840.424 2358.170

Note: The nominal coverage level is 0.90, and coverage error is defined as |PICP — 0.90|. FIXED
uses the pre-post97 calibration residuals with a constant interval width throughout post97. RC60
recalibrates the interval from the most recent 60 admissible residual dates, while ACI60 further
updates the effective miscoverage level after each newly observed outcome. The frozen point
forecasts are identical across all three schemes.
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Following the primary FIXED-RC60-ACI60 comparison, the robustness analysis
was further extended to examine directional asymmetry in forecast errors and forecast-
magnitude dependence. The asymmetric and magnitude-normalized variants character-
ize residual direction and forecast scale, respectively. For renewable generation, Asym-
RC60 achieved PICP = 0.8969 with MPIW = 8946.812 MWh, while Mag-ACl60 achieved
PICP = 0.9072. These results show that incorporating residual direction or forecast scale can
alter the balance between empirical coverage and interval width, with the resulting effects
depending on the calibration scheme and forecasting target. The complete asymmetric
and magnitude-normalized results for renewable and hydropower generation are reported
in Supplementary Table S6, and dependence-aware MIS comparisons based on a 7-day
moving-block bootstrap are provided in Supplementary Table S7.

The weather-conditioned diagnostic further showed that renewable interval coverage
varied across 100 m wind-speed and shortwave-radiation regimes. Using fixed stratifica-
tion thresholds determined from the pre-post97 calibration data, FIXED, RC60, and ACI60
exhibited different degrees of Low/High coverage variation across both weather dimen-
sions, indicating that interval behavior remained conditioned on meteorological states
beyond the aggregate coverage level. Detailed regime definitions and stratified results
are reported in Supplementary Table S8. Because the High-radiation regime contained
relatively few observations, the corresponding results are used primarily to characterize
interval coverage under that condition and to inform future conditional calibration over
longer evaluation periods.

Overall, the uncertainty analyses show target-dependent interval behavior across
sequential updating and the complementary robustness dimensions. For renewable gen-
eration, rolling and adaptive updating reduced interval width while retaining coverage
close to the nominal level. For hydropower, adaptive calibration brought empirical cover-
age close to 0.90 with a wider interval, reflecting a different coverage—sharpness balance
between the two targets.

4. Discussion

The results show that the retained pathways were shaped primarily by target-specific
information and representation choices. The thermal model combined plant-plan context
with Delta prediction, whereas the renewable model used the regional target-day weather-
forecast interface with a Level target. In the controlled renewable comparison, differences
associated with information-interface choices and the choice between Level and Delta target
representations were larger than the performance difference between RF and XGBoost.
The fitted hydropower model relied on PCA-compressed temporal features and Delta
reconstruction, while the guard only constrained its output. For imported electricity,
Persistence was retained given the available historical and calendar information.

These choices were consistent with the mechanisms of each target. The Level represen-
tation preserved the direct relationship between weather conditions and renewable output,
whereas Delta emphasized short-term changes. The modest gain from latent features for
hydropower suggests that temporal encoding could not compensate for the absence of
streamflow and reservoir-state data. Retaining Persistence for imported electricity likewise
reflects the absence of transaction schedules, tie-line plans, and external dispatch states.

The chronological evidence layers serve distinct purposes. The 60-day period deter-
mines the internal pathways, fixed95 provides a common-date developmental comparison,
and T3-T5 provide retrospective diagnostics. Although T4 overlaps the configuration
and fixed95 periods and T5 falls within fixed95, neither window is used to reselect or
modify the frozen pathways. The following 97-day period provides a fully subsequent
evaluation. For renewable generation, XGBoost achieved an RMSE 58.441 MWh lower
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than that of the retained RF pathway during formal60. However, the paired-date boot-
strap interval in Table 4 included zero, and the estimated probability of improvement
was 0.7336, below the pre-specified replacement threshold of 0.95. The criterion therefore
avoids replacing the retained pathway on the basis of a modest and statistically uncertain
short-window difference.

The repeated-window analysis provides additional evidence on the stability of the
formal60 decisions. The candidate with the lowest point RMSE changed across some
60-day windows, showing that rankings were moderately sensitive to window placement.
Nevertheless, the pre-specified rule retained the original pathways in all eight thermal
windows, six of eight renewable windows, six of eight hydropower windows, and seven of
eight imported-electricity windows. After the 7-day moving-block bootstrap and Holm
correction, evidence favoring an alternative occurred in none of the thermal or renewable
windows and in only one hydropower and one imported-electricity window. No such
evidence appeared for any target in the non-overlapping subset. Hydropower was the
most sensitive target, but its median regret relative to the lowest-RMSE candidate was
only 5.941 MWh, and the single replacement signal did not persist in the non-overlapping
analysis. Thus, point rankings varied, but multiplicity-controlled evidence for changing
the formal60 decisions remained limited.

The effect of training-history length also depended on the information boundary.
Under retrospective target-day weather, renewable, solar, and wind achieved R? values
of 0.9383, 0.9706, and 0.9509, respectively, but all three deteriorated when the training
history was limited to 365 days. The forecast-origin-safe historical-weather results in
Supplementary Table 513 provide a boundary comparison rather than operational support
for the retrospective-weather findings. Supplementary Table S15 shows that removing the
capacity-normalized family altered both candidate eligibility and the refitted pathways.
The resulting performance change therefore reflects candidate-space reconfiguration rather
than the isolated effect of a single component.

The decoupled factorial analysis clarifies the candidate-family removal experiment
in Table 14. The large RMSE increases reflect the combined effects of excluding capacity-
normalized pathways, losing W2-RTE pathway availability, and reconfiguring the candi-
date space within each fold. Under matched conditions, retrospective target-day W2-RTE
availability produced the largest performance gains, while CapF consistently improved
performance across the three external targets. Delta was favored in the matched repre-
sentation comparisons, whereas the preferred predictor family varied by target. These
results distinguish the target-dependent contributions of information availability, target
representation, and predictor family and support treating them as separate dimensions of
pathway configuration.

The comparison with TimeXer and PatchTST indicates that forecasting performance
under limited samples and constrained information availability depends jointly on the pre-
dictor, information interface, and target representation. The frozen target-specific pathways
achieved statistically supported RMSE reductions relative to both contemporary baselines
for thermal, renewable, and hydropower generation. For imported electricity, no statisti-
cally supported performance differences were detected among Persistence, TimeXer, and
PatchTST over the fully subsequent 97-day period. This result is consistent with the limited
explanatory information available for imported electricity and reinforces the importance of
matching the predictor to the target-specific information interface and representation.

The extended uncertainty analysis shows that interval calibration is target-dependent.
For renewable generation, RC60 and ACI60 reduced interval width while maintaining
empirical coverage close to the nominal level. For hydropower, ACI60 increased PICP
from 0.8454 to 0.8969, although the wider interval revealed a clear coverage—sharpness
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trade-off. Additional diagnostics identified directional error asymmetry, variation with
forecast magnitude, and differences in renewable coverage across wind-speed and radiation
regimes. Aggregate post97 coverage therefore did not fully represent conditional interval
behavior. This regime dependence motivates calibration over longer horizons once suffi-
ciently large regime-specific samples become available. Overall, chronological recalibration
can accommodate changing forecast-error conditions, but the preferred scheme remains
target-dependent.

The history-reduction experiment demonstrates that the effect of training-history length
is target-specific and non-monotonic. For thermal generation, N270 outperformed FULL,
whereas N365 and N450 performed worse. This pattern is consistent with differences in the
operating stages and sample compositions represented by each window, including possible
shifts in operating baselines or dispatch policies. FULL provides broader coverage of recur-
ring operating conditions and long-term variation, whereas N270 is more closely aligned
with the evaluation period and may better represent recent operations. N365 and N450
provide intermediate combinations of historical coverage and recency, resulting in different
predictive outcomes. For renewable generation, performance deteriorated consistently as
the training history shortened, particularly under N270, indicating that longer records are
important for capturing seasonal and weather-related variation. Hydropower performance
also declined progressively with shorter histories, indicating greater dependence on long-
term operational information. Training-history selection should therefore balance historical
coverage with relevance to recent operating conditions. In practice, validation-guided
rolling-window updating offers a practical means of achieving this balance.

For imported electricity, Persistence achieved an R? of 0.5212. This result indicates
that recent exchange history is informative but insufficient to represent operational ar-
rangements that are absent from the available inputs. Interregional dispatch arrangements,
tie-line schedules, transaction plans, and transmission constraints could help explain future
exchange variation. Incorporating these variables may enable forecasting pathways to
outperform the naive baseline.

The empirical residual intervals also showed target-specific calibration behavior. Date-
balanced calibration covered 93 of 97 post97 days for renewable generation, and duplicate-
date handling had little effect. Hydropower intervals covered 82 of 97 days, below the
nominal 90% level. This shortfall indicates that the fixed absolute-residual intervals did not
fully accommodate the subsequent hydropower error distribution. Practical deployment
should therefore retain forecast issue times, publication-dated capacity records, explicit
plan-variable definitions, and continued target-specific interval monitoring.

Operationally, thermal and renewable forecasts can inform day-ahead volume assess-
ment, bidding, and supply balancing. Operational use of the hydropower pathway requires
continued monitoring of incremental performance gains and interval coverage. Persistence
should remain the benchmark for imported electricity until transaction schedules, tie-line
plans, and external dispatch states become available.

The generalizability of these findings is constrained by the scope and information
conditions of the analyses. The internal study covers a single regional power system;
F2-Regional was reconstructed retrospectively from archived forecast runs; and W2-RTE
uses target-day reanalysis. Pathway configurations may therefore differ across systems and
forecast-origin information settings. Hydropower achieved coverage close to the nominal
level only with a wider adaptive interval, highlighting the need to update interval calibra-
tion as forecast-error characteristics evolve. Future applications should reassess pathway
eligibility and interval calibration using the information available at each forecast origin.
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5. Conclusions

This study proposes a Delta-enhanced, validation-guided framework for target-
specific daily electricity-supply forecasting under limited samples and incomplete op-
erational information. The framework jointly configures forecast-origin-safe information
interfaces, target representations, predictors, temporal components, and output rules.
Chronological validation retained a plan-informed Delta pathway for thermal generation,
an archived-weather-informed Level pathway for renewable generation, a PCA-enhanced
TXGB-Delta pathway with a persistence-based output guard for hydropower, and Per-
sistence for imported electricity under the available historical and calendar information.
Each pathway was refitted using admissible pre-evaluation data and then frozen for subse-
quent forecasting.

The fully subsequent post97 evaluation confirmed the performance of the four internal
pathways, with R? values ranging from 0.5212 to 0.8084. Relative to Persistence, the thermal
and renewable pathways reduced RMSE by 23.2% and 50.9%, respectively. In the external
retrospective evaluation, the three weather-driven targets achieved R? values ranging
from 0.9383 to 0.9706, but performance remained sensitive to training-history length and
candidate-family availability. Residual intervals covered 93 of 97 subsequent days for
renewable generation and 82 of 97 days for hydropower, underscoring the need for target-
specific calibration. Under the stated forecast-origin boundaries, the internal results support
target-specific forecasting for day-ahead electricity-volume assessment, market bidding,
regional supply balancing, and interregional procurement, while the external analyses
provide complementary sensitivity evidence. Future work will incorporate publication-
timestamped operating information, archived numerical weather forecasts for external
systems, and longer-horizon interval calibration that accounts for seasonal and regime-
dependent variations.
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Abbreviations

The following abbreviations and study-specific labels are used in this article:

AdamW Adam optimizer with decoupled weight decay.

ACI60 60-day adaptive conformal interval calibration.

CapF Previous-year-capacity-normalized 24 h daily utilization.

Cl-ca Retrospective target-day weather, capacity-normalized external
candidate identifiers.

Delta Inter-day change target representation.

D-1 The day immediately preceding the forecast target day.

ERAS Fifth-generation atmospheric reanalysis produced by the European
Centre for Medium-Range Weather Forecasts.

F1-F5 Five annual rolling-origin outer folds used in the external RTE evaluation.

F2-Regional

Internal regional target-day weather-forecast interface retrospectively
assembled from archived previous-run forecasts.

F2-RTE-Hist Forecast-origin-safe historical-weather interface for the external RTE data.

fixed95 Aligned 95-day common-window developmental comparison period.

FULL/N450,/N365/N270 Training-history settings Tls.ing the full admissible history or the most
recent 450, 365, or 270 training days.

GELU Gaussian error linear unit.

Level Direct absolute-output target representation.

LGB LightGBM.

MAE Mean absolute error.

MIS Mean interval score.

MPIW Mean prediction interval width.

MSE Mean squared error.

nRMSE Normalized root mean squared error.

ODRE Open Data Réseaux Energies.

PCA Principal component analysis.

PICP Prediction interval coverage probability.

post97 Fully subsequent 97-day frozen-path confirmation period.

PSC Predicted-state coupling.

R? Coefficient of determination.

RC60 60-day rolling conformal interval calibration.
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RFE Random Forest.

RMSE Root mean squared error.

RTE Réseau de Transport d’Electricité, the French transmission
system operator.

SHAP SHapley Additive exPlanations.

Three retrospective diagnostic windows used in the internal

1315 evidence hierarchy.
Plant-level thermal generation, regional renewable generation,

TH/RE/HY/IM regional hydropower generation, and regional imported-electricity
targets, respectively.

TXGB Transformer/PCA temporal representation followed by
XGBoost regression.

WO-RTE Retrospective target-day ERA5 weather interface for the external
RTE data.

XGB XGBoost.

Appendix A

Appendix Figure Al presents the training-history sensitivity visualization. De-
tailed reproducibility information and diagnostic results are provided in Supplementary
Tables 51-515 and Supplementary Algorithm S1.
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Figure A1l. Relative RMSE changes under controlled reductions in four-target training-history length:
(a) local thermal generation; (b) renewable generation; and (c) hydropower generation.
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