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Abstract

This experimental research study evaluates a leakage-controlled residual-calibrated hybrid model for
sequential one-hour-ahead photovoltaic generation forecasting during active station-hours. A source audit of
operational records from three solar power plants identified 28,296 raw hourly rows but only 11,736 unique
station-hour keys; 16,560 redundant source rows were collapsed only when known plan and actual values were
identical, and no conflicting known plan/actual values were found. After restricting supervised modelling to
unique station-hours with positive planned generation and known actual output, 4,848 observations remained
and were chronologically divided into 3,038 training, 819 calibration, and 991 held-out test observations. The
proposed Residual-Calibrated Neural Hybrid (RCNH) combines a two-hidden-layer Tabular MLP with a
HistGradientBoosting residual calibrator trained exclusively on the calibration period. On the held-out test
period, RCNH achieved MAE = 2,591.80 kWh, RMSE = 3,906.53 kWh, and R? = 0.908609; 95% three-day
block-bootstrap intervals were 2,372.75-2,961.81 kWh, 3,537.16-4,505.29 kWh, and 0.848489-0.932518,
respectively. Against the train-only Tabular MLP, RCNH reduced MAE by 11.36% (95% block-bootstrap
interval 6.98-14.95%; Holm-adjusted two-sided p = 0.003998). However, a matched-label-budget diagnostic
favored an MLP refitted on train plus calibration data (MAE = 2,464.63 kWh), and rolling-origin validation
showed substantially stronger temporal stability for tree ensembles, with ExtraTrees attaining mean RMSE =
3,064.51 kWh versus 6,106.74 kWh for RCNH. These results show that residual calibration is competitive and
beneficial in the final held-out regime but is not uniformly dominant; its effectiveness depends on calibration-
window representativeness and temporal regime. The contribution is therefore an experimentally validated,
leakage-controlled forecasting protocol and a quantified assessment of where residual calibration helps and
where its robustness is limited.

Keywords: photovoltaic generation; one-hour-ahead forecasting; data leakage; residual calibration;
chronological validation; block bootstrap; machine learning; experimental evaluation
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A.A. A6nunpaesa', I'. Taranosa®, A.A. Taxu6aes’, A.JK. Kypar®, C.C. Ackapos®
X anbIKapablK HHKEHEPIIK-TEXHOIOTUSIIBIK YHUBEPCUTETI, AJIMaThI K., Kazakcran
AcTana XaJblKapaliblK YHUBEPCUTETI, AcTana K., Kasakcran
SUMAY R&D XKIIIC, Actana K., Kazakcran
GOOTODJIEKTPJIIK TEHEPALIUSAHDBI BIP CAFAT BYPBIH BOJIZKAYFA APHAJIFAH
JIEPEKTEPIIH AFBIII KETYIH BAKBLJIAMTBIH ’)KOHE KAJIABIKTAPJIBI KAJTUBPJIEMTIH
IT'UBPUATI MOJAEJIb

Anoamna

Byt FEUTBIMU-3KCIIEPUMEHTTIK 3epTTeyAe OelceH Al caraTTapaarbl (DOTOSIEKTPIIK FreHepalusHbI Oip caraT
QIJIBIH aJla 00JKayFa apHAJFaH JACPEKTEP/IiH aFblll KeTyiH OaKbUIAHTHIH KaJJBIKThI-KATMOPICHICH THOPHITI
MoJIeTTh OaFaaHpl. Y I KYH DJIEKTP CTAaHIMACHIHBIH 28 296 OacTamKpl caraTThIK jka30achkl ayANTTEH OTKI31TIIL,
11 736 Oipereil «cTaHIUsA-caraT» KUITI aHBIKTAIIBL, Oipaeit moHzepi O0ap 16 560 kaitamama >xaz0a
OipikTipinai. XKocnapiiel reHepanuschl OH KoHE HaKThl FeHepauusicel oenrini 4 848 Gipereii Oenceni 6akpuiay
3 038 okpITy, 819 Kamnbpney xoHe 991 Tayenci3 TecT OaKpIIaybIHa XPOHOIOTHSUTBIK Typae Oemiami. RCNH
Mozeni eki kaceIpblH KabaTrtel Tabular MLP MeH kammOpiey Ke3eHIHIH KaJABIKTapblHAa OKBITHIIFaH
HistGradientBoosting kanuOpaTopbin Oipiktipeni. Tect kezeHingme RCNH MAE = 2 591,80 kBt car, RMSE
=3 906,53 xBrt-car xone R* = 0,908609 notmxenepin kepceTti. OKBITY Ke3eHIMEH FaHa yiperinren MLP-
MeH canblcTeipranna MAE 11,36%-ra Temenneni; ym kyHaik block-bootstrap ymin 95% apansirst 6,98-
14,95%, Holm Ty3eryineH keifinri ekixkaktsl p = 0,003998. Anaiina traint+calibration nepekrepiMeH Kaiita
okbiThuiran MLP MAE = 2 464,63 kBt car HoTmXeciH kepcerTi, an rolling-origin Tekcepyzae aralliThIK
ancamOnbpaep aHarypibiM TypakTel Oomnsl. Conapikrad RCNH 6acekere kabimerTi xonHe Oenrini 6ip TecT
peXuMiHIE THIMI, OipaK OHBIH apTHIKIIBUIBIFEI KATMOPIIEY TePE3€CiHiH PENPE3eHTATUBTLIITT MEH YaKbITTHIK
PEKUMTE TIYEII.

Tyiin ce3mep: GoTodNEeKTpik reHepanus; Oip caraT anfbplH ajna OoJpKay; NepeKTepHiH arblll KeTyi,
KaJABIKTapAbl  KamuOpiiey; XpOHOJOTHSUIBIK Bamuaanus; block bootstrap; MamdHAIBIK — OKBITY;
9KCIEPUMEHTTIK Oaranay

A.A. A6munpaesal, I'. Taranosa®, A.A. Taxu6aes®, A. XK. Kypar®, C.C. Ackapos®
'Mesx Iy HapOIHBII MHXKEHEPHO-TEXHOJIOTHYECKHMI YHUBEPCHUTET, T.AnMathl, Kasaxcran
MexmyHapoaHbIi yHHBEpcHTET AcTana, r.Acrana, Kazaxcran
3STOO UMAY R&D, r.Acrana, Kazaxcran
TUBPUJTHASI MOJIEJIb C KOHTPOJIEM YTEUKH JJAHHBIX U KAJJUBPOBKOM OCTATKOB
JJIAA ITPOI'HO3UPOBAHU S ®OTO3JIEKTPI£I‘-IECKOI71 I'EHEPALIMU HA OJIUH YAC
BIIEPE

Annomayus

B nmanHHOW Hay4YyHO-3KCHEPUMEHTAJILHOW PabOTe BBHINOJIHEHA OIICHKA TMOPHIHOM MOJIEIH ¢ KOHTPOJIEM
YTEUKH JTAaHHBIX M KaIHOPOBKOH OCTATKOB JUISl MOCJIEAOBATEIBHOIO MPOTHO3UPOBAHUS (POTOIIEKTPHUECKON
TeHepaly Ha OJMH 4ac BIIEpe] B aKTUBHBIE Yachl. AYAHMT 3KCIUTyaTallHOHHBIX JTAHHBIX TPEX COJHEYHBIX
3JIEKTPOCTAHINI ToKa3al, 4To 28 296 HCXOJHBIX MMOYACOBBIX CTPOK COOTBETCTBYIOT 11 736 yHUKaJIbHBIM
HaOIIOAEHUSM «cTaHuusA-4ac»; 16 560 MOBTOPHBIX CTPOK C MACHTUYHBIMU M3BECTHBIMH 3HAYEHUSIMH ObUIN
KoHconuaupoBaHbl. Ilocne orpanmveHus: ob6macTé MOAEIMPOBAHUS HAOMIOACHUSIMHU C IIOJIOKUTEIHLHON
TUTAHOBOHM M M3BecTHOU (haKkTHUUecKol reHepanueil monydeHo 4 848 yYHUKaIBHBIX aKTHBHBIX HAOIIOJCHUH,
XPOHOJIOTHYECKH pa3zieleHHbIX Ha 3 038 oOyuaromux, 819 xanmOpoBouHbIX H 991 He3aBHCHMOE TECTOBOE
Habmonenue. Monens RCNH o0benunser nyxcnoinsiii Tabular MLP n kanubparop HistGradientBoosting,
oOydJaeMbIii TOJIBKO Ha OCTAaTKax KalnOpoBowyHOro mepuoga. Ha tectoBom mepmozne momyueHsl MAE = 2
591,80 kBt-y, RMSE = 3 906,53 kBT 4 u R? = 0,908609. OtHOCHTe1bHO MLP, 00yueHHOr0 TOIBKO Ha train-
nepuozae, MAE cumxkena Ha 11,36%; 95%-ii naTepBan TpexaHeBHOrO OJ0YHOTO bootstrap cocrariser 6,98-
14,95%, cxoppextupoBanHoe o Holm asycroponnee p = 0,003998. Bmecte ¢ Tem nuarnoctuueckuiit MLP,
nepeoOydeHHbIH Ha traintcalibration, foctur MAE = 2 464,63 kBT-4, a rolling-origin Bajuaaius mokasajia
0ojiee BBICOKYIO BPEMEHHYIO YCTOWYHMBOCTH JpeBecHBIX aHcambOneil. CnemoBarenbHo, RCNH sBnsercs
KOHKYPEHTOCIIOCOOHOH M 3(QeKTUBHONH B KOHKPETHOM OTJIOKEHHOM pEXHUME, HO HE JEMOHCTPHPYET
YHUBEPCAIHHOTO MPEBOCXOACTBA; €€ Pe3yNbTaT 3aBUCUT OT PENPE3CHTATUBHOCTH KaJTUOPOBOYHOTO OKHA U
BPEMEHHOTO PeXUMA.
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KaroueBbie ciioBa: QoTo3NEKTpUYECKas TEHEPAIWs; MMPOTHO3MPOBAHWE HA OJMH Yac BIEpEl; yTeuka
TaHHBIX;, KATMOPOBKA OCTATKOB; XPOHOJIOTWYECKas BanuaIys; OModHbld bootstrap; MammHHOEe 00ydeHwne;
AKCIIEPUMEHTAJIbHAS OIICHKA

Introduction

Main provisions. The experimental unit is the unique station-hour, with duplicate source exports
consolidated before feature engineering. The study evaluates leakage-controlled sequential one-hour-
ahead photovoltaic forecasting during active hours using only information available at the forecast
origin. On the held-out period, the Residual-Calibrated Neural Hybrid (RCNH) improved the train-
only MLP, but matched-label-budget and rolling-origin analyses showed that this advantage was not
universal. Overall, model ranking depended on calibration-window representativeness, information
budget, and temporal regime. Operational photovoltaic forecasting supports dispatch, deviation
monitoring, reserve planning, and integration of variable renewable generation. The task is
complicated by non-stationarity across hours, seasons, plant scales, and operating regimes [1-7].
Forecasting modules can also contribute to broader digital-twin and monitoring architectures for
energy systems and photovoltaic installations [8,9]. In industrial data, repeated exports and variables
whose availability at prediction time is uncertain can introduce data leakage and inflate apparent
predictive accuracy [10]. This study addresses two risks that can inflate apparent forecasting
accuracy: data leakage from current or future information and the treatment of repeated source rows
as independent observations. Accordingly, modelling is restricted to unique active station-hours and
historical predictors aligned to exact earlier timestamps.

The research question is whether residual calibration can improve a leakage-controlled neural
forecast on a genuinely later period and whether any gain remains credible under time-aware
uncertainty analysis and temporal robustness checks.

The objective is to develop and experimentally evaluate RCNH for one-hour-ahead photovoltaic
generation forecasting. The study audits the operational data layer, constructs prediction-time
admissible features, compares RCNH with operational, linear, tree-based, boosting, and neural
baselines, and evaluates uncertainty, matched information budgets, rolling-origin robustness, and
ablation effects. The working hypothesis is that residual calibration can improve a primary MLP when
the calibration period is representative of the subsequent regime, while strong tabular models may be
more stable under temporal shift. Prior photovoltaic forecasting studies cover physical, statistical,
machine-learning, and hybrid approaches [3-7]. For temporally ordered forecasting problems,
validation must respect chronology and dependence rather than rely uncritically on random
resampling [11,12]. For medium-sized tabular datasets, linear models, Random Forest, ExtraTrees,
gradient boosting, and XGBoost remain strong benchmarks [13-17]. The gap addressed here is
methodological: duplicate source rows, undefined information availability, calibration/test
contamination, and reliance on a single split can lead to optimistic conclusions. The proposed protocol
therefore combines station-hour auditing, strict feature availability, a dedicated calibration period, an
untouched test period, and temporal robustness diagnostics.

Research methodology

Data audit and experimental domain

The operational archive contains hourly plan-fact generation and several daily or event-based
tables. Only variables with defensible availability at the forecast origin were retained. Same-day
finalized KPIs, curtailment aggregates, maintenance and defect records were excluded when an
hourly as-of join or availability timestamp could not be verified. A source audit reduced 28,296 raw
hourly rows to 11,736 unique station-hour keys by consolidating only identical repeated values; no
conflicting known plan/actual values were found. Among 9,792 unique station-hours with known
actual generation, 4,848 observations with positive planned generation formed the active supervised
domain. The resulting chronological partition is summarized in Table 1. The forecast is defined at the
local interval start. The previous-hour final measurement is assumed available after that interval ends,
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and the plan is treated as issued before the forecast interval; the latter remains an explicit operational
assumption because plan issue timestamps are absent from the archive.

Table 1. Audited active-hour modelling domain and chronological split

Indicator Value
Raw hourly rows 28,296
Raw rows with known actual 22,320
Unique station-hours 11,736
Redundant source rows collapsed 16,560
Unique station-hours with known actual 9792
Unique active station-hours 4,848
Solar power plants 3
Unique active dates 136
Train 3,038 rows / 81 dates (2022-04-01 to 2023-01-07)
Calibration 819 rows / 27 dates (2023-01-08 to 2023-02-16)
Held-out test 991 rows / 28 dates (2023-02-17 to 2023-03-23)

Forecasting formulation and leakage-control strategy

Let s denote a solar power plant and t the forecasted hourly interval. The target is measured active
generation and the same-interval plan is an admissible predictor. Supervised modelling is restricted
to unique station-hours with positive planned generation and known actual output. The final feature
set includes planned generation and transforms, calendar/cyclic descriptors, station identity, actual-
generation and plan lags at 1, 2, 3, 24, 48, and 72 hours, the one-hour historical plan-fact residual,
and rolling statistics over 3, 6, 12, and 24 hours. Historical values are aligned to exact timestamps
before active-hour filtering; preprocessing is fitted on training data only. Leakage controls prohibit
the current actual value, current plan-fact deviation or target ratio, future targets, same-day finalized
aggregates, and event variables without verifiable availability timestamps. Pipeline tests additionally
confirm that changing the current target or future actual values does not alter earlier feature vectors.
The full leakage-controlled workflow is shown in Figure 1.

Residual-Calibrated Neural Hybrid and comparator models

RCNH is a two-stage model. The primary branch is a Tabular MLP with 128 and 64 hidden units,
ReLU activation and Adam optimization; its epoch count is selected only on a chronological inner-
training tail. The residual calibrator is a HistGradientBoostingRegressor trained exclusively on
calibration-period residuals and admissible prediction context.

The final prediction adds the estimated residual correction to the fixed MLP forecast and constrains
generation to non-negative values. The held-out test targets are never used for preprocessing, base-
model fitting, calibration, hyperparameter selection, or model selection. The two-stage RCNH
architecture is illustrated in Figure 2.

Comparators are the plan schedule, one-hour persistence, Ridge, RandomForest, ExtraTrees,
HistGradientBoosting, XGBoost, and the standalone Tabular MLP. Hyperparameters were fixed
before held-out evaluation; the main experiment uses seed 42, with seeds 43 and 44 used only as
sensitivity checks.

Experimental and statistical evaluation protocol

The primary experiment uses a chronological split: 3,038 training observations (through 7 January
2023), 819 calibration observations (8 January-16 February 2023), and 991 held-out test observations
(17 February-23 March 2023). Performance is assessed with MAE, RMSE, R?, WAPE, and sMAPE,
following established forecast-accuracy principles [18]. Although rank-based paired testing such as
the Wilcoxon procedure is a classical nonparametric option for paired comparisons [19], the temporal
dependence in this study motivated block-based inference.
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Leakage-Controlled Pre-Modeling Pipeline for One-Hour-Ahead PV Forecasting

Variable Roles and Leakage Rules Pipeline Before Model Training

A. Audited station-hour data layer
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Figure 1. Leakage-controlled pre-modelling pipeline
for one-hour-ahead PV generation forecasting

Residual-Calibrated Neural Hybrid (RCNH): Internal Architecture
two-branch residual learning architecture jfor sequential one-hour-ahead PV forecasting
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Figure 2. Architecture of the Residual-Calibrated Neural Hybrid forecasting model

Grouped permutation importance is used as model-specific interpretability evidence rather than as
a causal ranking [20]. Uncertainty is quantified with a paired moving-day-block bootstrap using 2,000
replicates and three-day blocks; paired absolute-error differences are tested with a centered block-
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bootstrap null distribution [21], and Holm correction is applied for multiple comparisons [22].
Robustness is examined through four chronological rolling-origin folds, calibration-window
sensitivity, and a matched-label-budget diagnostic in which baselines are refitted on train plus
calibration labels. Ablation experiments remove residual calibration, baseline-prediction context,
lagged generation history, or plan-schedule features. Grouped permutation importance complements
the ablation analysis by measuring sensitivity of the fitted model to perturbations of correlated feature
groups [20].

Results of the study
Held-out performance and uncertainty
The comparative performance of all models on the held-out test period is presented in Table 2.

Table 2. Held-out test performance under the primary training/calibration protocol

Model MAE, kWh RMSE, kWh R’ WAPE, % | sMAPE, %
RCNH 2,591.80 3,906.53 0.908609 20.24 51.66
Ridge 2,802.96 4,054.10 0.901574 21.89 50.57
RandomForest 2,828.21 4,264.43 0.891096 22.08 43.43
Tabular MLP 2,923.98 4,273.60 0.890627 22.83 51.02
ExtraTrees 2,950.09 4,318.46 0.888319 23.03 45.39
XGBoost 2,885.25 4,345.78 0.886901 22.53 45.30
HistGradientBoosting 2,951.80 4,459.40 0.880910 23.05 44.21
One-hour persistence 3,954.09 6,362.27 0.757593 30.87 68.57
Plan schedule 5,460.12 7,900.31 0.626226 42.63 67.20

As shown in Table 2, on the held-out test period, RCNH achieved the lowest MAE and RMSE and
the highest R? under the primary protocol: MAE = 2,591.80 kWh, RMSE = 3,906.53 kWh, and R? =
0.908609. Relative to the train-only Tabular MLP, MAE decreased by 11.36% and RMSE by 8.59%.

The three-day block-bootstrap 95% interval for RCNH MAE was 2,373-2,962 kWh and for RMSE
3,537-4,505 kWh. Against the train-only MLP, the relative MAE reduction was 11.36% (95% interval
6.98-14.95%), with Holm-adjusted two-sided p = 0.003998. The difference was also statistically
supported against Ridge and the two operational baselines, whereas several close tree-based
comparisons were not significant after multiplicity correction.

Matched-label-budget diagnostic

The results of the matched-label-budget diagnostic are presented in Table 3.

Table 3. Test performance when baseline models are refitted on train plus calibration labels

Model MAE, kWh RMSE, kWh R?
Tabular MLP 2,464.63 3,735.04 0.916457
ExtraTrees 2,659.36 3,877.07 0.909982
RCNH 2,591.80 3,906.53 0.908609
RandomForest 2,610.07 3,950.60 0.906535
XGBoost 2,646.84 3,970.03 0.905614
Ridge 2,729.29 3,982.07 0.905041
HistGradientBoosting 2,735.35 4,089.26 0.899859

Table 3 shows that the matched-label-budget diagnostic changes the interpretation of the primary
result. When the standalone MLP is allowed to use the same 3,857 labeled observations available to
the two-stage RCNH system, it achieves MAE = 2,464.63 kWh, RMSE = 3,735.04 kWh, and R? =
0.916457. Thus, part of RCNH's primary advantage reflects allocation of calibration labels rather than
residual architecture alone.
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Temporal robustness and sensitivity.
The numerical summary of the four rolling-origin validation folds is presented in Table 4.

Table 4. Numerical rolling-origin validation summary (four folds)

Model Mean MAE SD MAE Mean RMSE | SD RMSE Mean R?
ExtraTrees 2,072 371 3,065 537 0.868
RandomForest 2,016 414 3,099 645 0.864
XGBoost 2,076 366 3,122 537 0.861
HistGradientBoosting 2,227 396 3,311 553 0.848
Plan schedule 2,820 873 4,516 1,348 0.693
One-hour persistence 2,968 626 4,863 847 0.679
RCNH 4,843 3,076 6,107 2,823 0.424
Tabular MLP 5,409 3,619 6,498 3,515 0.355
Ridge 5111 3,604 7,196 4,812 0.129

As summarized in Table 4, across four rolling-origin folds, ExtraTrees had the lowest mean RMSE
(3,064.51 kWh), followed by RandomForest (3,098.58 kWh) and XGBoost (3,122.24 kWh), whereas
RCNH reached 6,106.74 kWh with substantially larger fold-to-fold variation. Using only the most
recent 50% or 75% of the calibration pool slightly improved average RCNH error relative to the full
pool, reinforcing the dependence on calibration-window representativeness.

Ablation analysis

The effects of removing individual components of RCNH are presented in Table 5.

Table 5. RCNH ablation results on the final held-out test period

Experiment MAE, kWh | RMSE, kWh R MAi ;Z;’l”ge
Full RCNH 2,591.80 3,906.53 0.908609 +0.00
Without residual calibration 2,923.98 4,273.60 0.890627 +332.18
Without baseline ensemble context 2,585.35 3,901.76 0.908832 -6.45
Without lagged generation history 7,111.10 10,013.91 0.399479 +4,519.31
Without plan schedule features 2,599.85 3,826.49 0.912316 +8.05

Table 5 shows that removing residual calibration reproduced the standalone MLP and increased
MAE by 332.18 kWh, while removing lagged generation history increased MAE to 7,111.10 kWh.
By contrast, removing baseline-ensemble context or plan-schedule features produced little change
after refitting, indicating strong redundancy among correlated predictors. Taken together, the results
partially support the working hypothesis. Residual calibration improved the train-only MLP on the
held-out test period, but the matched-label-budget and rolling-origin experiments showed that the
improvement depends on calibration-window representativeness and temporal regime. Thus, the
hypothesis was tested under both a fixed held-out split and additional temporal robustness checks,
and the evidence supports a conditional rather than universal advantage of RCNH.

Discussion

The results support a bounded conclusion: residual calibration can materially improve a train-only
neural predictor in a favorable held-out regime, but the gain is not an invariant property of the
architecture. The matched-label-budget result and rolling-origin validation separate the effects of
model design, access to later labeled data, and temporal regime. This distinction matters because the
favorable final split should be interpreted as evidence of competitiveness rather than universal
dominance. Tree ensembles were markedly more stable across temporal folds, while RCNH was more
sensitive to calibration-period representativeness. The data audit is also central to interpretation:
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28,296 exported rows correspond to 11,736 unique station-hours, of which only 4,848 form the active
supervised sample. Reporting the true experimental unit prevents duplicated exports from artificially
inflating sample size and apparent certainty. Feature analyses indicate that recent and rolling
generation history is structurally important, but ablation and permutation results also reveal
substantial predictor redundancy. The model can therefore be used as a forecasting component in a
broader monitoring or digital-twin system, consistent with the role of digital-twin architectures
described in prior work [8,9], but this study does not claim implementation of a complete digital twin.

These findings are consistent with prior photovoltaic-forecasting research showing that
performance depends strongly on data characteristics, forecast horizon, and operating regime rather
than on a single universally best model [3-7]. They also agree with broader evidence that tree-based
ensembles remain strong benchmarks for medium-sized tabular prediction problems [13-17]. In this
study, the additional contribution is to show that residual calibration can be useful on a favorable later
regime while still losing temporal stability to tree ensembles when the regime changes.

The main limitations are the three-plant, 136-active-date scope; absence of hourly irradiance, cloud
cover and temperature; unavailable issue timestamps for some operational indicators; and residual-
calibrator sensitivity to temporal regime. Future work should extend validation across plants, seasons
and years, incorporate verified meteorological and latency metadata, and examine online or drift-
aware recalibration.

Conclusion

A leakage-controlled Residual-Calibrated Neural Hybrid was developed and evaluated for one-
hour-ahead photovoltaic generation forecasting during active hours. The source audit reduced 28,296
raw rows to 11,736 unique station-hours and 4,848 active supervised observations, providing a
defensible basis for chronological evaluation. Under the primary held-out protocol, RCNH achieved
MAE =2,591.80 kWh, RMSE = 3,906.53 kWh, and R? = 0.908609, with an 11.36% MAE reduction
relative to the train-only MLP. However, a matched-label-budget MLP produced better final-test
point metrics, and tree ensembles were more stable under rolling-origin validation. Therefore, RCNH
should be considered a competitive regime-dependent residual-correction approach rather than a
universally superior model. Its practical value is greatest when a recent, representative calibration
window is available. The principal contribution is the combined evaluation protocol: unique station-
hour auditing, strict prediction-time feature availability, chronological train-calibration-test
separation, time-aware uncertainty quantification, matched information budgets, rolling-origin
validation, and ablation analysis.

Data availability

The operational dataset contains industrial reporting and maintenance records and cannot be made
publicly available because of confidentiality restrictions. The study reports the effective station-hour
counts, chronological partitions, model specifications, uncertainty protocol, and aggregate results
required to understand the experimental design. Raw source duplication was handled by deterministic
station-hour consolidation of identical known values; conflicting known values would terminate the
analytical pipeline.
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