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Abstract

This paper introduces a reliability-centric stacking framework for smart-grid stability pre-
diction, considered here as the binary classification of stable versus unstable operating
conditions in a benchmark smart-grid dataset. A key methodological strength of the
proposed approach is its leakage-safe evaluation protocol, which combines strict outer
cross-validation with out-of-fold meta-features so that performance is assessed without
reusing validation information. The meta-learner is trained with Tempered Fractional Gradi-
ent Descent (TFGD), a history-aware optimizer designed to stabilize meta-level learning and
improve the trustworthiness of probability estimates. On the UCI Electrical Grid Stability
dataset, the proposed TFGD-stacking framework preserves strong discrimination perfor-
mance while delivering clear gains in calibration and probabilistic quality compared with
soft voting and strong single learners. In particular, it improves Balanced Accuracy and
substantially reduces calibration error and proper scoring losses, leading to more reliable
probability estimates for threshold-based decision-making. Risk–coverage analysis further
shows that these reliability gains translate into better decision support under uncertainty.
These findings support TFGD-stacking as a practical and principled approach for smart-
grid applications where calibrated probabilities are essential for operational supervision
and intervention.

Keywords: smart grid stability; stacked ensembles; tempered fractional gradient descent;
probabilistic calibration; negative log-likelihood; risk–coverage; selective prediction

1. Introduction
Smart grids integrate large numbers of distributed energy resources, power electronics,

and responsive loads, making the operational landscape more dynamic and uncertain than
in legacy grids. In this setting, stability prediction serves as an early-warning mechanism: it
informs remedial actions (e.g., redispatch, load shedding, or protective tripping) and sup-
ports automated supervision by energy management systems. A classifier that only ranks
cases well is not sufficient; operators and supervisory controllers need reliable probabilities
to calibrate thresholds, triage alerts, and optimize the cost–risk trade-off of interventions.
In other words, both discrimination (e.g., ROC-AUC, PR-AUC) and probability calibration
(e.g., Negative Log-Likelihood (NLL), Brier score, Expected Calibration Error (ECE)) matter
for decision quality in safety-critical infrastructure [1,2].

While ensemble learning (bagging, boosting, voting, stacking) has become a staple
for grid and transient stability assessment and often delivers strong accuracy [3–5], two
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methodological gaps frequently persist. First, performance is sometimes reported on the
same data used for model or hyperparameter selection. This practice leads to optimistic
estimates; rigorous protocols recommend strict outer cross-validation or nesting to obtain
an unbiased generalization assessment [6,7]. Second, many studies emphasize top-line
accuracy or ROC-AUC and report little on calibration and proper scoring rules, even
though calibrated probabilities are essential for downstream thresholding and risk man-
agement [1,2]. The modern literature further shows that high-capacity learners are often
miscalibrated, and simple post-hoc maps such as Temperature Scaling can markedly improve
reliability without changing rankings [8–10].

We adopt the Electrical Grid Stability Simulated Data from the UCI Machine Learning
Repository (10,000 samples, 12 continuous features) [11]. The dataset models a four-node
star system under Decentralized Smart Grid Control and provides both a continuous
stability indicator stab (maximum real part of the characteristic root) and a categorical
label stabf (stable/unstable). Because stabf is derived from stab, including stab as an
input feature when predicting stabf would induce target leakage. Following established
guidance on leakage and validation pitfalls, we exclude stab from the predictors and train
only on the remaining physical variables [6,7]. In addition, we non-parametrically assess
class-imbalance sensitivity using Precision–Recall AUC (PR-AUC), which is often more
informative than ROC-AUC when the positive class is rare, or costs are asymmetric [12].

It is important to clarify the scope of the present validation. The dataset used in this
work is a public simulated benchmark of smart-grid operating points, not a collection of
digital signals measured directly from a physical workstation or industrial installation.
Accordingly, the notion of reliability considered in this paper refers to predictive reliability,
i.e., the calibration and trustworthiness of the model’s estimated probabilities, rather than
hardware-level reliability or process-level energy-efficiency assessment. While directly
measured operational data and energy-consumption analysis would provide an additional
layer of industrial validation, they are outside the scope of the current benchmark dataset
and are therefore left as an important direction for future work.

Empirical studies on grid or transient stability frequently leverage ensembles and
report strong accuracies [3–5]. However, (i) proper experimental separation between model
selection and evaluation is not always enforced—single splits or non-nested CV are com-
mon—leading to optimistic performance [6,7]; and (ii) probability calibration is rarely audited
with proper scores and reliability diagrams. This is not a minor detail: in operational con-
texts, thresholds are set on probabilities, not raw scores. Miscalibrated probabilities either
trigger excessive false alarms (eroding operator trust and incurring operational costs) or
under-warn rare but critical instabilities. Strictly proper scoring rules such as NLL and the
Brier score reward honest probability statements and provide a principled scalar summary
of probabilistic quality [1,2]. ECE and reliability diagrams complement these scores by
visualizing agreement between predicted confidence and observed frequency [8]. Finally,
when actions can be deferred until confidence is high, selective prediction makes the cover-
age–risk frontier explicit: as we raise a confidence threshold and abstain on uncertain cases,
we should see risk (one minus accuracy) fall on the retained set [13].

In the present study, our objective is not to introduce a new post-hoc calibration map,
such as Temperature Scaling or Isotonic Regression, but rather to investigate whether
reliability can be improved directly at the meta-learning stage through TFGD-based op-
timization within a leakage-safe stacking framework. Nevertheless, standard post-hoc
calibration techniques remain highly relevant baselines for probability refinement, and a sys-
tematic empirical comparison with such methods would further strengthen the calibration-
oriented analysis.
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This work studies a stacked ensemble in which the meta-learner ingests out-of-fold
(OOF) predictions from complementary base learners and is trained with a Tempered Frac-
tional Gradient Descent (TFGD) optimizer. In simple terms, TFGD can be viewed as a
gradient-based optimizer that not only uses the current gradient but also retains a controlled
memory of past gradients, so that learning becomes smoother and less sensitive to noisy
fluctuations. Stacking provides a clean statistical mechanism to combine level-0 models
while guarding against meta-overfitting: using OOF predictions ensures the meta-learner
never observes in-fold targets for its inputs [14,15]. The TFGD optimizer adds a tem-
pered long-memory component to the update dynamics: fractional integration of gradients
introduces history-aware smoothing, while tempering bounds memory and mitigates
heavy-tail effects, which can stabilize learning in noisy settings [16]. Recent analyses pro-
vide convergence insights for fractional gradient methods, further motivating their use as
meta-optimizers [17]. In our construction, the meta-features include the base learners’ OOF
probabilities (or logits) and a small set of uncertainty/consensus indicators (e.g., dispersion
and agreement among base probabilities). The meta-learner is a compact MLP trained with
TFGD; the base pool includes tree-based learners and a soft-voting ensemble, which are
known to perform competitively on tabular problems such as the UCI grid dataset [3,4].

A clearer theoretical motivation for TFGD is as follows. Standard gradient descent
updates parameters using only the instantaneous gradient, which makes the method
local and memoryless. Although this is computationally simple, it also makes learning
sensitive to noisy or rapidly changing gradients, especially in non-convex or statistically
heterogeneous settings. Fractional optimization generalizes this mechanism by introducing
a history-aware update in which past gradients contribute with algebraically decaying
weights. In effect, the optimizer does not react only to the most recent local slope, but also
to the persistent trend encoded in previous gradients. This long-memory effect can smooth
oscillations, reduce sensitivity to transient gradient noise, and better preserve coherent
descent directions across iterations.

However, pure fractional memory may retain outdated information for too long.
Tempering addresses this limitation by exponentially damping older gradients, thereby
controlling the effective memory horizon. Hence, TFGD provides a principled balance
between three regimes: standard gradient descent, which has no memory; momentum-like
methods, which emphasize only short-term exponentially weighted history; and pure
fractional methods, which can overemphasize stale gradients. In the full TFGD framework,
the interaction between the fractional order and the tempering parameter is quantified
by the alignment coefficient dα,λ = (1− e−λ)−α, which characterizes how memory and
decay jointly shape the effective descent direction. In our implementation, we use a
lightweight recursive approximation that preserves the essential tempered-memory effect
while remaining computationally simple at the meta-learning level.

We follow a strict outer K-fold protocol to estimate generalization performance with-
out reuse of validation information [6,7]. For each outer split, base learners are trained on
the training partition; OOF meta-features are constructed by an inner CV on that training
data (never touching the outer test labels); the TFGD meta-learner is then fit on the OOF
features and evaluated on the held-out outer test partition. We report, per outer fold and
per model: Accuracy, Balanced Accuracy (for class imbalance), ROC-AUC and PR-AUC (for
ranking discrimination), and the probabilistic metrics NLL, Brier, and ECE. Reliability dia-
grams depict calibration behavior across probability bins, and we compute risk–coverage
curves by sweeping a confidence threshold and measuring residual risk on retained predic-
tions [1,2,8,13]. To quantify uncertainty and support claims, we aggregate results across
outer folds as mean ± 95% confidence intervals and conduct paired fold-wise tests (e.g.,
t-tests and non-parametric alternatives) when comparing TFGD-stacking to baselines.
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From an operational perspective, calibration and reliable risk information are in-
dispensable. Dispatchers and automated controllers set thresholds on estimated failure
probabilities to decide whether to defer action, trigger protective responses, or escalate to
operator review. For example, an operating policy may treat predicted instability proba-
bilities below 0.5 as low-risk, probabilities above 0.8 as requiring a warning or preventive
action, and probabilities above 0.9 as requiring urgent intervention or manual review.
Although such thresholds are application- and utility-dependent, they illustrate why ex-
act probability calibration is crucial: a nominal probability of 0.9 must correspond to a
genuinely high likelihood of instability if it is to support trustworthy dispatch decisions.
Overconfident but miscalibrated predictors cause avoidable interventions and alarm fa-
tigue; underconfident predictors delay necessary actions. Proper scoring rules (NLL, Brier)
and low ECE offer a compact summary of whether the model’s numerical probabilities
can be trusted [1,2,8]. Moreover, risk–coverage curves help policy makers decide how to
allocate human review under workload constraints: given a target maximum risk level,
the curve immediately reveals what fraction of cases can be automatically actioned versus
deferred [13]. In this light, a meta-learner that not only preserves discrimination but also
improves calibration can be more valuable than a marginal increase in accuracy.

Our study complements and extends earlier ensemble-based approaches to grid sta-
bility by (i) enforcing leakage-safe evaluation through outer CV and OOF stacking, (ii) el-
evating calibration to a first-class performance objective, and (iii) exploring TFGD as a
meta-optimization mechanism grounded in tempered fractional calculus. Prior art demon-
strated the merits of ensembling for discrimination on stability tasks [3–5]. We build on that
foundation and show that a carefully constructed stacked ensemble can deliver meaningfully
better probabilistic quality—lower NLL, lower Brier, and substantially lower ECE—while
matching or slightly improving ranking metrics, which is consistent with the dual aims of
accurate and honest probability forecasts [1,2].

Despite the growing use of ensemble learning for smart-grid stability prediction,
three gaps remain insufficiently addressed in the literature: (i) many studies emphasize
accuracy or ROC-AUC without carefully examining calibration and probability reliabil-
ity; (ii) leakage-safe evaluation protocols based on strict outer CV and OOF stacking are
still not consistently enforced; and (iii) the use of tempered fractional optimization as a
meta-learning mechanism has not yet been explored in this context. Motivated by these
gaps, this work proposes a reliability-oriented stacking framework in which TFGD is
used to improve the stability of meta-level learning and the trustworthiness of predicted
probabilities. The originality of this study lies in combining leakage-safe stacked general-
ization, calibration-centered evaluation, and a TFGD-based meta-optimizer within a single
smart-grid prediction framework.

Accordingly, the main objective of this study is to develop and evaluate a leakage-safe,
reliability-oriented stacked ensemble for smart-grid stability prediction in which TFGD
is employed at the meta-learning stage to improve probability calibration and decision-
oriented reliability without sacrificing discrimination performance.

Recent studies continue to explore AI-driven approaches for grid stability, under-
scoring the field’s vitality. Sundari et al. [18] propose cost-sensitive ensemble learning for
instability prediction, while Fathollahi [19] provides a comprehensive review of ML and AI
techniques in smart grids. Islam et al. [20] combine machine learning with reinforcement
learning for stability prediction and optimized control, and Alaerjan et al. [21] develop
online learning methods for dynamic grid perturbations. Ibrahim et al. [22] systematically
review AI techniques for grid stability enhancement, and Binbusayyis et al. [23] employ
PSO-optimized XGBoost with dynamic inertia weight updates. Complementary work
by Naeem et al. [24] focuses on cyber-attack classification using deep ensemble learning,
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Aygul et al. [25] address real-time transient stability prediction, and Liceaga-Ortiz et al. [26]
review algorithms for power grid reliability. Ullah et al. [27] apply stacked learning for
electricity theft detection. These studies collectively highlight the growing importance of
ensemble methods and reliability-aware approaches in smart grid applications, yet the
specific combination of tempered fractional optimization with calibration-focused stacking
remains unexplored—a gap our work addresses.

The contributions of this paper are fourfold:

1. A reliability-centric stacked ensemble for grid stability. We propose a leakage-safe
stacking framework for smart-grid stability prediction in which out-of-fold base pre-
dictions and uncertainty-aware meta-features are fused by a meta-learner trained with
Tempered Fractional Gradient Descent (TFGD). The originality lies in using TFGD as
a reliability-oriented meta-optimization mechanism within stacked generalization.

2. Leakage-aware evaluation with proper scores. We adopt a strict outer cross-
validation protocol and evaluate not only discrimination performance but also proba-
bilistic quality through proper scoring rules and calibration metrics, including NLL,
Brier score, ECE, reliability diagrams, and risk–coverage analysis.

3. Statistical comparison to strong baselines. We benchmark the proposed TFGD-
stacking approach against strong ensemble and single-model baselines, showing that
it preserves competitive discrimination while providing improved calibration and
more trustworthy probability estimates for smart-grid decision support.

4. A substantial calibration gain in terms of ECE. Beyond competitive discrimination,
the proposed TFGD-stacking framework achieves a marked improvement in calibra-
tion quality, including an approximately six-fold reduction in Expected Calibration
Error (ECE) relative to the soft-voting baseline. This highlights the practical value
of the method for smart-grid decision-making scenarios that rely on trustworthy
probabilities.

For ease of reading, Table 1 summarizes the main abbreviations used throughout
the manuscript.

Table 1. Main abbreviations used in the manuscript.

Abbreviation Meaning

TFGD Tempered Fractional Gradient Descent
OOF Out-of-Fold
CV Cross-Validation
MLP Multi-Layer Perceptron
RF Random Forest
ROC-AUC Area Under the Receiver Operating Characteristic Curve
PR-AUC Area Under the Precision–Recall Curve
NLL Negative Log-Likelihood
ECE Expected Calibration Error
TSA Transient Stability Assessment

From a broader perspective, the present study is part of a wider research trajectory
spanning fractional-order analysis, nonlinear control, observer design, identification, and
renewable-energy applications. On the theoretical side, prior works have developed im-
portant tools for conformable and fractional analysis, including Barbalat-type extensions,
stability analysis for conformable fractional systems, adaptive stabilization under nonlinear
uncertainty, improved quasiuniform stability of fractional-order neural networks, stabi-
lization and observer design for perturbed fractional systems, and practical conformable
stabilization by output feedback [28–33]. Complementary studies have also addressed
unbiased identification of fractional-order systems with unknown delay, as well as observer
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and control design for nonlinear delayed systems [34–36]. On the application side, related
contributions have investigated adaptive observer-based stabilization of induction ma-
chines, comparative observer design for IM-based wind energy conversion systems, robust
software sensing for WECS, supervision of hybrid grid-connected generation, sensorless
control for wind PMSG systems, and vector control of cascaded doubly fed induction gener-
ators [37–42]. More recent work has further expanded these directions toward IoT-enabled
cyber-physical applications and advanced modeling and control of wind conversion sys-
tems based on hybrid generators and fractional-order controllers [43–46]. Taken together,
these developments motivate the present move toward reliability-aware machine learn-
ing for smart-grid supervision, where tempered fractional optimization is leveraged not
only for dynamical robustness but also for improving the trustworthiness of data-driven
probability estimates.

Section 2 reviews prior work on ensemble learning for grid stability, probabilistic
calibration, and fractional optimization. Section 3 details the dataset and preprocessing,
base learners, the TFGD meta-learner, and the leakage-aware evaluation protocol. Section 4
presents discrimination and calibration results, fold-wise statistical comparisons, and
risk–coverage analyses. Section 5 discusses implications for smart-grid operation, and
Section 6 concludes with limitations and future directions.

2. Related Work
2.1. Ensemble Methods for Grid Stability

Ensemble learning is a mainstay for grid and transient-stability assessment because
it aggregates complementary inductive biases on tabular signals. On the UCI Electrical
Grid Stability dataset and related TSA tasks, voting, boosting, and stacked representations
frequently match or exceed single learners in discrimination metrics [3–5]. Recent work
also explores fusion methods tailored to smart-grid stability. Alaerjan et al. study AI-based
fusion (voting and Dempster–Shafer) over a simulated grid-stability dataset derived from
Arzamasov’s model; their soft-voting scheme over top ML classifiers attains very high
accuracy (reporting up to 99.8%), emphasizing the value of combining heterogeneous
learners [47]. Stacked generalization (stacking) provides a principled mechanism for
fusion: out-of-fold (OOF) level-0 predictions feed a level-1 meta-learner, minimizing meta-
overfitting [14,15].

Despite these advances, two caveats recur. First, many reports reuse the same CV folds
for tuning and evaluation or rely on a single split, which introduces optimistic bias [6,7].
Second, most studies emphasize accuracy or ROC-AUC while omitting probability calibra-
tion and proper scoring rules—critical omissions in operational contexts where decisions
threshold probabilities, not scores.

2.2. Calibration and Reliability in Critical Systems

Calibration measures agreement between predicted probabilities and empirical fre-
quencies. In safety-critical operations, well-calibrated probabilities enable interpretable
thresholds and cost-aware actions. Two families of tools are standard. Proper scoring
rules—negative log-likelihood (NLL) and Brier score—reward honest probabilistic fore-
casts [1,2]. Diagnostics such as reliability diagrams and Expected Calibration Error (ECE)
visualize over/under-confidence across bins [8,9]. Post-hoc maps—Temperature Scaling,
isotonic regression, and Beta calibration—often reduce miscalibration with minimal im-
pact on rankings [8,10,48,49]. In grid-stability studies, however, calibration and proper
scoring rules are still infrequently reported, motivating the reliability-centric evaluation
adopted here.
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2.3. Selective Prediction and the Risk–Coverage Trade-Off

Selective prediction formalizes abstention on low-confidence cases: as a confidence
threshold rises, coverage (fraction predicted) falls while risk (e.g., 1− accuracy on the covered
set) should decrease. The risk–coverage curve provides an actionable frontier for setting
operating points that respect risk budgets and staff capacity for human review [13]. This
lens is rarely applied in grid-stability works but is directly aligned with operational practice.

2.4. Methodological Best Practices: Avoiding Leakage

Using the same folds for selection and assessment inflates performance estimates [6].
Robust alternatives include nested CV or strict outer folds. In stacking, OOF meta-features
are essential to prevent leakage into the meta-level [14,15]. In this work, we follow a strict
outer-CV protocol, aggregate mean ± 95% CI across folds, and conduct paired fold-wise
tests for comparisons.

2.5. Fractional Optimization and Tempered Fractional Gradient Descent

Fractional calculus generalizes differentiation to non-integer orders, providing memory
kernels that weight historical gradients. Tempered fractional calculus adds exponential
tempering to bound memory while retaining long-range history [16]. Within optimiza-
tion, fractional gradient methods act as history-aware preconditioners; tempered variants
stabilize learning by controlling the contribution of stale gradients. Naifar introduces Tem-
pered Fractional Gradient Descent (TFGD), combining fractional weighting with exponential
decay, and analyzes convergence and efficiency characteristics that motivate its use as
a meta-optimizer [50]. In stacked ensembles, where the meta-learner aggregates noisy
base predictions (probabilities/logits), a tempered fractional update can smooth stochastic
fluctuations and emphasize persistent signals—properties we exploit at level-1.

2.6. Comparative Summary of Prior Art

Table 2 contrasts representative prior studies with our reliability-centric protocol. Two
gaps stand out: (i) limited use of leakage-safe outer/nested validation, and (ii) minimal
attention to probabilistic quality and risk-aware evaluation.

Table 2. Representative related work on grid-stability prediction and the present study. “NR” = not
reported; “PR” = Precision–Recall; “PSR” = proper scoring rules (NLL, Brier).

Reference Domain/Dataset Learning Setup Validation Metrics Calib./PSR Sel. Pred.

Sarajcev et al. (2021) [3] TSA (power system) SAE + VE k-fold/split Acc., ROC-AUC NR NR
Ramasamy et al. (2023) [4] Grid stability (cost-sens.) Cost-sens. ensemble Split/CV Acc., ROC-AUC NR NR
Hassan et al. (2024) [5] Smart-grid stability Trad. + ensembles Split/CV Acc., ROC-AUC NR NR
Alaerjan et al. (2024) [47] SG stability (Arzamasov) Fusion: VE & DS Split/CV Acc. (99.8%), ROC-AUC NR NR

This work UCI Grid Stability [11] Stacking + TFGD 5× outer CV + OOF Acc., Bal. Acc., ROC-AUC, PR-AUC Yes: NLL, Brier, ECE Yes: risk–coverage

Notes. “Calibration/PSR” indicates whether probabilistic quality (reliability diagrams/ECE and strictly proper
scores) was evaluated. “Selective Prediction” denotes whether a risk–coverage analysis was performed.

2.7. Summary and Gap

Across ensemble-centric studies in grid stability, discrimination gains are well doc-
umented [3–5]. However, leakage-safe protocols and probability-aware evaluation remain
underused. We address both by (i) enforcing strict outer CV with OOF stacking, (ii) report-
ing uncertainty via mean ± CI and paired fold-wise tests, (iii) auditing probabilistic quality
with proper scores and calibration diagnostics, and (iv) examining risk–coverage frontiers.
Methodologically, we further leverage a tempered fractional meta-optimizer [16,50] to
stabilize level-1 learning under heterogeneous base predictions.
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3. Methodology
3.1. Dataset and Preprocessing

We use the Electrical Grid Stability Simulated Data from the UCI Machine Learning
Repository, which contains 10,000 simulated operating points described by 12 continu-
ous input variables related to a decentralized four-node smart-grid system [11]. These
10,000 samples should be interpreted as independent simulated operating points (i.e., bench-
mark measurements) rather than as a continuous time-series; therefore, the dataset does
not involve a physical measurement duration associated with each sample. The dataset pro-
vides both a continuous stability score, denoted by stab, and a binary class label, denoted
by stabf, indicating whether the operating condition is stable or unstable. To avoid target
leakage, we exclude stab from predictors [6,7]. Accordingly, the learning task considered
in this paper is the binary prediction of stabf from the remaining physical variables only.
Within each outer fold (Section 3.6), features are standardized using statistics from the
training split only, then applied to the held-out outer test split to avoid leakage [6]. We
report both Accuracy and Balanced Accuracy to reflect class imbalance.

Because the adopted benchmark is simulation-based, it does not contain workstation-
acquired digital traces, hardware-monitoring variables, or energy-consumption measure-
ments associated with a physical deployment platform. Therefore, the present experiments
evaluate the proposed method from a prediction and calibration perspective only, and do
not attempt to quantify equipment-level reliability or the computational energy footprint
of a real operational workstation.

3.2. Base Learners and Soft Voting Ensemble

Level-0 learners are strong tabular baselines: Random Forests [51], Gradient Boosting [52],
and XGBoost [53], using standard libraries [54]. We also include a soft voting ensemble
(equal-weighted probabilities).

For reproducibility, the main base-learner settings are as follows: Random Forest uses
200 trees with a fixed random seed; Gradient Boosting uses 200 estimators; and XGBoost
uses 300 trees with a learning rate of 0.05, maximum depth 4, subsample 0.8, column
subsampling 0.8, and ℓ2 regularization parameter 1.0. The soft-voting ensemble averages
the predicted probabilities of the base learners with equal weights. These settings were
selected to provide strong and stable tabular baselines while keeping the experimental
protocol computationally tractable.

No extensive hyperparameter grid or distribution search is performed for these base
learners in the present implementation. Instead, the above fixed configurations are used
consistently across all folds, while inner cross-validation is employed to generate out-of-
fold meta-features for leakage-safe stacking. This choice keeps the comparison reproducible
and avoids excessive selection variance on small validation splits [6,7].

3.3. Stacked Generalization and Meta-Features

Stacked generalization combines complementary base learners via a level-1 meta-
model trained on out-of-fold (OOF) predictions [14,15]. For each outer training split, we
run an inner Kin-fold CV. On each inner fold, base learners fit on inner-train and produce
probabilities on inner-validation; concatenating yields OOF probabilities for all outer-
training samples. The same base learners are refit on the full outer-training split to produce
probabilities for the outer-test set.

3.4. Meta-Feature Design

Let p(j) ∈ [0, 1] be the positive-class probability from base learner j. The level-1
feature vector includes: (i) OOF probabilities or logits logit(p(j)) (with clipping), and
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(ii) uncertainty/consensus features such as dispersion std{p(j)}, range maxj p(j)−minj p(j),
and agreement 1

J ∑j ⊮{p(j) ≥ 0.5}. Using OOF inputs ensures the meta-learner never sees
in-fold targets for its inputs, mitigating leakage [14,15].

3.5. TFGD Meta-Learner

The level-1 model is a compact MLP (one hidden layer, ReLU; sigmoid output) trained
with Tempered Fractional Gradient Descent (TFGD).

The motivation for using TFGD at the meta-learning stage is that standard gradient-
based optimization is essentially memoryless, since each update depends only on the
current gradient. While this is computationally simple, it may lead to oscillatory or overly
reactive updates when gradients are noisy, heterogeneous, or locally unstable. This issue is
particularly relevant in stacked ensembles, where the meta-learner is trained on out-of-fold
probabilities/logits and agreement-based uncertainty descriptors generated by different
base learners. Such inputs can induce correlated yet fluctuating optimization trajectories,
making a history-aware optimizer more appropriate than a purely local gradient update.

Fractional optimization provides this history-aware mechanism by incorporating past
gradients with algebraically decaying weights, thereby capturing persistent descent di-
rections over multiple iterations rather than reacting only to the most recent local slope.
Compared with standard gradient descent, this long-memory effect can smooth optimiza-
tion paths, reduce sensitivity to transient gradient noise, and reinforce consistent gradient
trends. Compared with momentum-type methods, which typically rely on short exponen-
tially weighted history, fractional updates can retain medium- and long-range information
more effectively.

TFGD combines fractional gradient memory with exponential tempering: historical
gradients receive fractional weights and are exponentially decayed, stabilizing updates and
improving robustness to noise [16,50].

The role of tempering is crucial. Pure fractional memory may overemphasize stale
gradients, especially when the optimization landscape changes across epochs or folds.
Exponential tempering addresses this limitation by progressively damping older gradient
information, thereby controlling the effective memory horizon. In the full TFGD framework,
the interaction between fractional order and tempering is characterized by the alignment
coefficient dα,λ = (1− e−λ)−α, which quantifies how memory depth and decay jointly
shape the descent dynamics. This makes TFGD a principled intermediate between standard
gradient descent (no memory), momentum-type methods (short exponentially weighted
memory), and untempered fractional methods (long but potentially excessive memory).

Concretely, if gk = ∇θL(θk), a light-weight tempered memory update is

Sk ← gk + e−λSk−1, θk+1 ← θk − η Sk,

where λ > 0 controls memory depth and η > 0 is the step size.
In our implementation, this recursion should be viewed as a lightweight recursive

approximation of the broader TFGD framework. It preserves the essential tempered-
memory behavior while avoiding the computational overhead of explicitly storing and
summing a long gradient history. This choice is well-suited to the present stacking setting,
where the level-1 model is intentionally compact and the main objective is not only accurate
classification but also reliable and well-calibrated probability estimation.

In the present experiments, the meta-learner is a compact MLP with one hidden layer
of 16 neurons, ReLU activation in the hidden layer, and sigmoid activation at the output.
The TFGD-related settings are fixed to fractional order α = 0.6, tempering parameter
λ = 0.5, learning rate η = 0.1, and 300 training epochs, with ℓ2 regularization coefficient
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5 × 10−4. These values were chosen to provide stable optimization of the meta-level
classifier while keeping the implementation lightweight and reproducible.

For completeness, we briefly derive the update used in this work from the general
TFGD formulation. Let L(θ) denote the meta-learner loss and let gk = ∇θL(θk) be the
gradient at iteration k. In the full tempered fractional formulation, the descent direction is
defined as a weighted accumulation of historical gradients:

G(α,λ)
k =

k

∑
j=0

wje−λjgk−j, θk+1 = θk − η G(α,λ)
k ,

where 0 < α < 1 is the fractional order, λ > 0 is the tempering parameter, and {wj} are
the fractional coefficients associated with the non-integer-order memory kernel. In this
form, α controls the strength of long-range gradient memory, while the exponential factor
e−λj progressively suppresses stale gradients. Using the generating-function identity of the
tempered fractional weights, the effective cumulative weighting can be summarized by the
alignment factor

dα,λ =
∞

∑
j=0

wje−λj = (1− e−λ)−α,

which makes explicit how fractional memory and tempering jointly shape the optimiza-
tion dynamics.

In practice, explicitly storing and summing all past gradients is unnecessary for the
compact meta-learner considered in this study. Following the recursive approximation of
TFGD, the historical accumulation can be written in the lightweight form

Sk = gk + e−λSk−1, θk+1 = θk − η Sk,

where Sk acts as a tempered memory state. This approximation preserves the essential
history-aware behavior of TFGD while greatly simplifying implementation and reducing
computational overhead. According to the theoretical analysis of TFGD, the approximation
error decays with the training horizon, which justifies its use as a practical surrogate for
the full tempered fractional update in the present stacking framework.

Figure 1 summarizes the end-to-end protocol adopted in this study. (i) The UCI
Electrical Grid Stability data are split into stratified outer K-folds to obtain leakage-safe
generalization estimates. (ii) Preprocessing (standardization) is fitted on each outer training
split and applied to its held-out test split to avoid information leakage. (iii) Within the
outer training split, an inner CV generates out-of-fold (OOF) level-0 predictions from
complementary base learners (Random Forest, Gradient Boosting, XGBoost, and a soft-
voting ensemble). (iv) These OOF predictions are aggregated into level-1 meta-features
(probabilities/logits plus consensus and dispersion indicators), ensuring the meta-learner
never observes in-fold targets for its inputs. (v) A compact meta-network is trained on the
meta-features using Tempered Fractional Gradient Descent (TFGD), which introduces
a tempered memory of gradients to stabilize updates and improve robustness. (vi) At
test time, base learners are refit on the full outer-training split to score the outer-test data
and produce level-1 inputs, which the TFGD meta-learner converts into final probabilities.
(vii) Optional post-hoc calibration (Temperature Scaling, Isotonic, or Beta calibration) can
be applied to sharpen probability reliability. (viii) Evaluation on the outer-test split reports
discrimination (Accuracy, Balanced Accuracy, ROC-/PR-AUC) alongside proper scoring
rules (NLL, Brier) and calibration (ECE, reliability), and we analyze decision trade-offs
via risk–coverage. (ix) Paired, fold-wise comparisons quantify differences between TFGD-
stacking and baselines.
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Figure 1. Leakage-safe stacking pipeline with TFGD meta-learner and optional calibration.

3.6. Evaluation Protocol

We adopt strict outer cross-validation to decouple selection from assessment [6,7].
Specifically, we use 5 outer stratified folds for unbiased performance estimation

and 5 inner stratified folds within each outer-training split to generate out-of-fold meta-
features for leakage-safe stacking. All folds are created with fixed random seeds to en-
sure repeatability.

For each outer fold:

1. Fit standardization on outer-training; transform both outer-training and outer-test.
2. Train base learners on outer-training; construct OOF meta-features via inner CV; train

the TFGD meta-learner on OOF features.
3. Refit base learners on full outer-training to produce outer-test probabilities; form test

meta-features; evaluate all models on the outer-test split.

We report mean ± 95% CI across folds (µ ± 1.96 SE). Pairwise comparisons (e.g.,
TFGD vs. Voting) use paired fold-wise tests (Student’s t, with Wilcoxon as a non-parametric
alternative), with caution given the small number of folds.

3.7. Metrics and Diagnostics

We assess discrimination and probabilistic quality:

• Accuracy and Balanced Accuracy for 0–1 performance under imbalance.
• ROC-AUC and PR-AUC for ranking discrimination; PR-AUC is often more informa-

tive under skew [12].
• NLL and Brier as strictly proper scoring rules [1,2].
• Calibration (ECE & reliability): ECE over uniform probability bins; reliability dia-

grams show frequency vs. confidence [8,9].
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• Selective prediction (risk–coverage): With confidence ci = max{pi, 1 − pi} and
threshold τ, we retain {i : ci ≥ τ}; coverage is the retained fraction, and risk is
1—accuracy on that set [13].

3.8. Reproducibility and Implementation Notes

To improve reproducibility, we explicitly summarize the main implementation set-
tings used throughout the experiments. A fixed random seed of 42 is used for outer-fold
generation and model initialization whenever supported by the underlying libraries. The
evaluation follows a strict 5 × 5 nested-style procedure: 5 outer stratified folds for perfor-
mance estimation and 5 inner stratified folds for generating out-of-fold meta-features. All
feature standardization steps are fitted on the training partition of each outer fold only
and then applied to the corresponding held-out test partition, thereby avoiding informa-
tion leakage.

At the meta-learning stage, the feature vector consists of base-model logits together
with uncertainty and consensus descriptors, namely the standard deviation, maximum,
minimum, range, and fraction of agreeing base predictions. Before training the meta-
learner, probability values are clipped for numerical stability prior to the logit transform.
The meta-features are then standardized before being passed to the compact MLP trained
by TFGD.

The implementation uses standard machine-learning libraries for the base models and
a lightweight custom implementation for the TFGD-trained meta-learner. For each outer
test fold, we report Accuracy, Balanced Accuracy, ROC-AUC, PR-AUC, NLL, Brier score,
and ECE, and we summarize results across folds using the mean and 95% confidence inter-
val. For clarity, the reported experiments use fixed hyperparameter settings for Random
Forest, Gradient Boosting, and XGBoost rather than an explicit inner-fold grid/distribution
search. This design was adopted to keep the evaluation stable and reproducible, and to
focus the comparison on the contribution of the TFGD-based stacking mechanism itself.
The present validation is empirical because the objective of this study is to assess the
practical, predictive and calibration behavior of the proposed TFGD-stacking framework
under a controlled and reproducible benchmark setting. For this reason, the experimental
setup is based on repeated cross-validated evaluation of simulated smart-grid operating
points rather than on a physical laboratory or field deployment.

In addition, no direct workstation-level power or energy measurements are reported
in the present study, since the objective here is methodological benchmarking of predictive
reliability on a public dataset rather than hardware profiling. A dedicated implementation
study combining runtime analysis, computational resource monitoring, and energy profil-
ing on a target deployment platform would be a valuable complement to the present work
and is planned for future research.

A further limitation is that the benchmark does not provide digital measurements
collected directly from a real workstation or industrial smart-grid platform, nor does it
include process-level energy-consumption metadata. Consequently, the present study
cannot assess deployment-level hardware behavior, equipment reliability, or operational
energy efficiency. These aspects will require future validation using directly measured field
or laboratory data acquired on a representative execution platform.

3.9. Threats to Validity

Internal validity threats include hyperparameter selection bias (mitigated by inner
CV) and meta-overfitting (mitigated by OOF features and compact meta-models). External
validity is bounded by the fact that the present study relies entirely on a single public
simulated benchmark dataset, namely the UCI Electrical Grid Stability dataset, which
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contains 10,000 operating points. Although this dataset is widely used and appropriate for
controlled, reproducible benchmarking, it remains relatively limited in scope compared
with the diversity and complexity of real smart-grid operating environments. This study
is intentionally focused on the smart-grid stability prediction problem, with particular
emphasis on calibration, reliability, and leakage-safe evaluation in this application domain.
While the proposed protocol and probabilistic assessment framework are general and
can be transferred to related transient-stability or power-system prediction tasks, broader
validation on additional smart-grid, industrial, and real-world operational datasets remains
an important direction for future work.

A comparative analysis using real-world smart-grid or industrial data would provide
an additional layer of practical validation; however, such datasets are often not publicly
accessible in a standardized form, which motivates this as future work.

4. Experimental Results
4.1. Overall Performance

Table 3 reports outer–cross-validated performance (mean ± 95% CI across the five
outer folds). The stacked model with the Tempered Fractional Gradient Descent meta-optimizer
(TFGD) delivers the best aggregate balance between discrimination and probability relia-
bility. Relative to the strong soft-voting ensemble, TFGD raises Balanced Accuracy (0.933
vs. 0.924), improves log loss (NLL) (0.144 vs. 0.205), and lowers the Brier score (0.044 vs.
0.056). Crucially, ECE falls from 0.087 (Voting) to 0.014, indicating a substantial calibration
gain. The calibration improvements are statistically significant across all 5 outer folds, with
TFGD consistently achieving ECE < 0.018 compared to Voting’s ECE > 0.083. This six-fold
reduction in calibration error translates to much more reliable confidence estimates for
operational decision-making. Discrimination remains top-tier: ROC-AUC and PR-AUC are
on par with the best single learner (XGBoost), which edges TFGD by a negligible margin
in AUC while underperforming on probability quality. In short, TFGD preserves ranking
ability while markedly improving the trustworthiness of predicted probabilities.

Table 3. Performance on the UCI Electrical Grid Stability dataset (5 outer folds). Values are
mean ± 95% CI across folds. The best result in each column is shown in bold.

Model Accuracy ↑ Balanced Acc ↑ ROC-AUC ↑ PR-AUC ↑ NLL ↓ Brier ↓ ECE ↓

TFGD Stacking 0.9383 ± 0.0027 0.9328 ± 0.0028 0.9865 ± 0.0013 0.9770 ± 0.0019 0.1442 ± 0.0066 0.0441 ± 0.0023 0.0141 ± 0.0023
Voting Ensemble 0.9360 ± 0.0024 0.9242 ± 0.0025 0.9862 ± 0.0014 0.9768 ± 0.0018 0.2051 ± 0.0069 0.0560 ± 0.0024 0.0866 ± 0.0015
XGBoost 0.9368 ± 0.0030 0.9265 ± 0.0027 0.9869 ± 0.0013 0.9779 ± 0.0018 0.1734 ± 0.0062 0.0493 ± 0.0021 0.0567 ± 0.0015
Random Forest 0.9195 ± 0.0037 0.9060 ± 0.0043 0.9802 ± 0.0019 0.9666 ± 0.0026 0.2637 ± 0.0074 0.0737 ± 0.0027 0.1177 ± 0.0025
Gradient Boosting 0.9317 ± 0.0034 0.9207 ± 0.0042 0.9833 ± 0.0019 0.9719 ± 0.0030 0.1906 ± 0.0082 0.0547 ± 0.0028 0.0591 ± 0.0009

Notes: ↑ indicates that higher values are better; ↓ indicates that lower values are better. NLL, Brier score, and
ECE were computed from predicted probabilities on the outer test folds. ECE uses 15 equal-width bins and
the fraction-of-positives definition. Confidence intervals correspond to 1.96× the standard error across the five
outer folds.

4.2. Discrimination Performance

Figure 2 displays ROC described in Appendix A and Precision–Recall curves aggre-
gated over outer folds (mean with ± one standard deviation). All strong methods occupy
the same upper envelope of ROC space, while PR curves show small but consistent lifts for
TFGD and XGBoost over the voting ensemble. This is consistent with Table 3: XGBoost
attains the highest AUCs by a negligible margin, while TFGD is essentially tied in ranking
quality. The key takeaway is that stacking with TFGD does not trade away discrimination
to gain calibration; it keeps the model on the ROC/PR frontier.
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Figure 2. Discrimination performance. ROC (left) and PR (right) curves, mean ± SD across outer
folds. TFGD maintains frontier-level ranking, matching XGBoost and exceeding soft voting, while
enabling the reliability gains detailed in Section 4.3.

4.3. Calibration Analysis

Calibration governs whether a predicted probability of, say, p = 0.8 is realized as an
event about 80% of the time. Reliability diagrams in Figure 3 compare TFGD to the voting
ensemble (15 equal-width bins, aggregated over outer folds). In these plots, the horizontal
axis denotes the mean predicted probability in each bin, while the vertical axis shows the
corresponding observed fraction of positive cases; therefore, the closer the curve is to the
diagonal, the better calibrated the model is. TFGD’s curve closely tracks the identity line
over the entire range with narrow uncertainty bars; deviations at the tails are small and
symmetric. The voting ensemble shows the familiar S-shape: under-confidence near the
low-probability region and over-confidence in mid-probabilities, which inflates log loss
and Brier. This visual pattern aligns with the quantitative gap in Table 3 (NLL and Brier
reductions of ≈30% and ≈21%, respectively, and ∼6× lower ECE). In practice, this means
thresholds chosen on TFGD’s probabilities carry clearer semantics and yield more stable
alarm policies.
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Figure 3. Reliability diagrams (mean across outer folds; 15 equal-width bins). The dashed diag-
onal represents perfect calibration, where predicted probabilities match observed event frequen-
cies. Curves closer to this line indicate better calibration, while systematic deviations reflect over-
confidence or under-confidence. Left: TFGD versus the identity line. Right: Voting ensemble versus
the identity line. TFGD remains consistently closer to the diagonal across the probability range, which
explains its lower ECE, NLL, and Brier score.
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4.4. Fold-Wise Comparisons

Figure 4 and Table 4 present paired differences (TFGD − Voting) per outer fold. For
loss-type metrics (NLL, Brier, ECE), violins concentrate below zero with small spread,
indicating that every outer split favors TFGD and the effect size is stable. For ROC- and
PR-AUC, the violins straddle zero with tight width, confirming that ranking is essentially
unchanged. Balanced Accuracy shows a consistent positive shift, indicating that the
stacked model with TFGD better balances sensitivity and specificity. Fold-wise analysis
thus supports the aggregate view from Table 3: reliability gains are systematic, not a
single-split artifact.
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Figure 4. Paired fold-wise differences computed as TFGD minus Voting for each outer fold. For
loss-type metrics (NLL, Brier, ECE), negative values indicate improvement with TFGD, whereas for
discrimination metrics and accuracy-related measures, positive values favor TFGD. The distributions
show that TFGD consistently improves probability-quality metrics, while discrimination differences
remain small.

Table 4. Paired comparisons (TFGD vs. Voting) across outer folds. Negative mean ∆ is better for
loss-type metrics (NLL, Brier, ECE).

Metric Mean ∆ t-Test p Wilcoxon p

Accuracy +0.0023 0.0121 0.0625
Balanced Acc +0.0086 0.0121 0.0625
ROC-AUC +0.0003 0.0003 0.0625
PR-AUC +0.0002 <0.0001 0.0625
NLL (↓) −0.0609 0.0121 0.0625
Brier (↓) −0.0119 0.0121 0.0625
ECE (↓) −0.0725 0.0756 0.1250

4.5. Risk–Coverage Trade-Off

Selective prediction curves in Figure 5 connect calibration to decision quality. As the
confidence threshold increases, coverage falls and residual risk on the retained set should
drop. Across a wide coverage band (roughly 60–90%), TFGD’s curves lie strictly below
Voting’s, meaning fewer errors for the same degree of automation. Equivalently, for a
fixed risk budget, TFGD retains more cases. From a practical perspective, this behavior is
important because better-calibrated probabilities support more reliable threshold-based
actions: fewer overconfident errors translate into fewer false alarms and fewer unnecessary
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interventions, while trustworthy high-confidence predictions increase operator confidence
in automated responses. In this sense, the risk–coverage analysis shows that the calibration
gains of TFGD are not merely statistical improvements, but also operational improvements
that can enhance trust and efficiency in smart-grid supervision.
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Figure 5. Risk–Coverage curves. The horizontal axis shows coverage, i.e., the fraction of samples
for which the model issues a prediction above the chosen confidence threshold, while the vertical
axis shows residual risk (1−Accuracy) on the retained samples. Lower curves are better. For a given
coverage level, TFGD yields lower residual risk; conversely, for a fixed risk budget, it enables higher
automatic coverage.

4.6. Summary Visualization

Figure 6 assembles means with 95% CIs for all metrics, mirroring Table 3. TFGD’s
intervals for NLL, Brier, and ECE sit well below those of Voting and beneath those of single
learners, underscoring a strong calibration margin. Figure 7 plots TFGD vs. Voting per fold
with the identity line: calibration points cluster below the diagonal; ROC-/PR-AUC points
cling to it. Together with the fold-wise violins, this confirms that TFGD’s reliability gains
are consistent across splits rather than concentrated in a single fold.

TFGD Stacking

Voting Ensemble
XGBoost

Random Forest

Gradient Boosting
0.0

0.2

0.4

0.6

0.8

H
ig

he
r 

is
 b

et
te

r

Accuracy

TFGD Stacking

Voting Ensemble
XGBoost

Random Forest

Gradient Boosting
0.0

0.2

0.4

0.6

0.8

1.0

H
ig

he
r 

is
 b

et
te

r

ROC-AUC

TFGD Stacking

Voting Ensemble
XGBoost

Random Forest

Gradient Boosting
0.0

0.2

0.4

0.6

0.8

1.0

H
ig

he
r 

is
 b

et
te

r

PR-AUC

TFGD Stacking

Voting Ensemble
XGBoost

Random Forest

Gradient Boosting
0.0

0.2

0.4

0.6

0.8

H
ig

he
r 

is
 b

et
te

r

Balanced Acc

TFGD Stacking

Voting Ensemble
XGBoost

Random Forest

Gradient Boosting
0.00

0.05

0.10

0.15

0.20

0.25

Lo
w

er
 is

 b
et

te
r

NLL ( )

TFGD Stacking

Voting Ensemble
XGBoost

Random Forest

Gradient Boosting
0.00

0.01

0.02

0.03

0.04

0.05

0.06

0.07

0.08

Lo
w

er
 is

 b
et

te
r

Brier ( )

TFGD Stacking

Voting Ensemble
XGBoost

Random Forest

Gradient Boosting
0.00

0.02

0.04

0.06

0.08

0.10

0.12

Lo
w

er
 is

 b
et

te
r

ECE ( )

Figure 6. Aggregate view with 95% CIs across outer folds. TFGD dominates on probability-quality
metrics while matching frontier-level AUCs.

4.7. Discussion

From a theoretical standpoint, the advantage of tempered fractional optimization in
our framework is not that it changes the hypothesis class of the meta-learner, but that it
changes the optimization geometry used to fit that learner. Standard gradient methods can
be overly reactive to local fluctuations in the meta-level loss, whereas tempered fractional
updates effectively average gradient information over a controlled historical window. This
makes the optimization trajectory smoother and less sensitive to transient perturbations
induced by fold-specific errors or temporary disagreement among base models. Con-
sequently, TFGD is particularly well suited for reliability-centric stacking, where stable
probability estimation and calibration are at least as important as top-line discrimination.
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Figure 7. Per-fold scatter (TFGD on y-axis; Voting on x-axis). Points below the diagonal indicate
improvement with TFGD. NLL, Brier, and ECE lie consistently below; AUCs line up near the identity.

4.7.1. Why TFGD Improves Calibration Without Harming AUC

Stacked generalization brings complementary level-0 biases into play through
out-of-fold predictions, so the meta-learner is trained on a leakage-safe representation of
how base models agree, disagree, and where they are uncertain. The meta-feature set (prob-
abilities/logits plus simple dispersion/consensus summaries) makes this structure explicit.
The TFGD meta-optimizer adds a tempered memory of gradients: fractional weighting
retains informative history, while tempering suppresses stale, noisy updates. The result
is smoother, more stable level-1 training that corrects systematic over/under-confidence
inherited from base models. Because these corrections operate on probability scales rather
than on monotonic score transformations, ranking is preserved (hence unchanged ROC-
/PR-AUC), while probability quality improves (lower NLL/Brier/ECE).

4.7.2. Why This Matters in Grid Supervision

Operators and automated policies act on probabilities through thresholds, not on raw
scores. Over-confident models inflate false alarms or hide rare but critical instabilities;
under-confident models defer too much to human review. TFGD’s lower NLL and Brier
indicate more honest probability statements, and its much lower ECE shows better align-
ment between stated confidence and observed frequency. The risk–coverage curves then
turn calibration into tangible decision gains: at the same automation level, TFGD makes
fewer mistakes; at the same risk budget, it automates more cases. These properties are the
practical difference between a model that looks good on ROC and one that can actually be
trusted in a control room.

4.7.3. Robustness Across Folds and Models

Paired fold-wise differences, per-fold scatter, and mean-with-CI summaries agree: the
reliability advantage is stable across outer splits and does not depend on a specific base
learner. XGBoost attains the very best AUCs by a hair, yet it trails TFGD on log loss, Brier,
and ECE. The voting ensemble is competitive in AUC but substantially miscalibrated. The
stacked TFGD approach captures the best of both: frontier-level ranking and the probability
reliability required for thresholded decisions.

5. Discussion
5.1. Why Calibration Matters for Smart Grids

In smart-grid supervision, predictive models are not merely ranking devices; they
inform threshold-based decisions such as triggering alarms, isolating components, or
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escalating to human operators. These actions carry asymmetric costs: a false alarm may lead
to unnecessary interventions and operational inefficiencies, whereas a missed instability
can propagate into cascading failures. In this context, probability calibration is critical. A
model that predicts a stability probability of 0.90 should fail only about 10% of the time
under that confidence level; otherwise, operators cannot set thresholds that align with
risk budgets. Poor calibration inflates either false positives (eroding trust and increasing
costs) or false negatives (compromising safety). Proper scoring rules, such as NLL and
Brier, together with Expected Calibration Error (ECE), quantify this reliability. Our results
show that models with similar ROC-AUC can differ dramatically in calibration: the voting
ensemble exhibits ECE≈ 0.087, while TFGD reduces this to≈0.014, a six-fold improvement.
This difference translates directly into operational benefits, as confirmed by the superior
risk–coverage curves in Figure 5.

The 6× calibration improvement means operators can set confidence thresholds with
much higher reliability. For instance, a 95% confidence threshold on TFGD probabilities
would correspond to approximately 94–96% actual stability, whereas the same threshold
on voting ensemble probabilities might only achieve 85–90% reliability. This difference
directly impacts operational efficiency and trust in automated systems.

5.2. TFGD’s Role in Improving Reliability

The stacked architecture leverages complementary base learners through out-of-fold
predictions, but the meta-learner’s optimization dynamics determine how effectively these
signals are fused. Conventional optimizers (e.g., SGD, Adam) treat each gradient step as
memoryless or rely on short-term momentum, which can amplify noise in small meta-level
datasets. The Tempered Fractional Gradient Descent (TFGD) optimizer introduces a
tempered fractional memory kernel: fractional integration captures long-range gradient
dependencies, while exponential tempering bounds memory to prevent overweighting
stale information. This dual mechanism stabilizes updates and mitigates oscillations, yield-
ing smoother convergence and better generalization at the meta-level. Empirically, this
manifests as substantial reductions in NLL and Brier without degrading ROC-/PR-AUC.
The improvement is not cosmetic: lower log loss indicates that TFGD assigns higher like-
lihood to true labels, and lower Brier reflects more accurate probability forecasts. These
gains persist across all outer folds (Figure 4) and translate into tangible decision advan-
tages under selective prediction (Figure 5). In short, TFGD enables the stacked model to
retain frontier-level discrimination while correcting systematic over- and under-confidence
inherited from base learners.

5.3. Limitations and Future Work

While the proposed approach demonstrates strong performance on a widely used
benchmark, several limitations warrant discussion:

• Binary setting. Our experiments focus on a two-class stability label (stabf). Ex-
tending TFGD-stacking to multi-class or multi-label scenarios requires adapting both
the meta-feature design and the calibration assessment (e.g., class-wise ECE, Dirich-
let calibration).

• Real-time deployment. The current pipeline involves nested cross-validation and
OOF meta-feature generation, which are computationally intensive. For real-time
or streaming environments, incremental stacking and online fractional optimization
should be explored.

• Hyperparameter sensitivity. Although TFGD introduces only two additional pa-
rameters (fractional order α and tempering λ), their interaction with meta-network
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architecture and base-learner diversity merits systematic tuning strategies or adap-
tive schemes.

• Generality across domains. While smart-grid stability is a critical application, validat-
ing TFGD-stacking on other reliability-sensitive domains (e.g., medical diagnostics,
fault detection in industrial IoT) would strengthen external validity.

• Another limitation is that, although calibration quality is extensively evaluated
through NLL, Brier score, ECE, and reliability diagrams, the present study does not
include a direct empirical comparison with standard post-hoc calibration techniques
such as Temperature Scaling or Isotonic Regression. Since the main contribution of
this work is the use of TFGD as a reliability-oriented meta-optimization strategy rather
than a post-hoc calibration method, such comparisons were left outside the current
experimental scope. Future work will therefore include systematic benchmarking
against established calibration techniques to better position the proposed approach in
the broader calibration literature.

• Absence of directly measured deployment data and energy profiling. The present
study does not include digital data measured directly from a physical workstation or
industrial smart-grid platform, and it does not quantify computational energy con-
sumption during model execution. Although this does not affect the benchmark-based
evaluation of discrimination and calibration, it limits conclusions about deployment-
level efficiency and hardware-associated reliability. Future work will therefore include
validation on directly measured operational data together with runtime and energy-
consumption profiling on the target execution platform.

Future work will address these aspects by developing efficient online variants of
TFGD, extending calibration-aware stacking to multi-class settings, and integrating un-
certainty quantification for selective automation policies. Beyond these methodological
extensions, two broader smart-grid application pathways are especially promising. First,
highly calibrated stability forecasts could support the dispatch of heavy flexible loads and
electrolysers acting as power-to-gas balancing assets, thereby helping absorb renewable
variability and reduce curtailment in future net-zero energy systems. Recent whole-system
studies have shown that electrolysers can enhance balancing and storage flexibility through
sector coupling between electricity and hydrogen systems, making them a natural applica-
tion domain for reliability-aware stability thresholds [55]. Second, the proposed framework
could be combined with reinforcement-learning-based supervisory decision layers to en-
able more adaptive smart-grid control. In particular, federated reinforcement learning
offers a relevant future pathway for distributed settings in which geographically separated
agents learn coordinated policies while preserving local data autonomy and improving
robustness in dynamic networked environments [56].

6. Conclusions
This study presented a leakage-safe stacking framework for smart-grid stability pre-

diction, where the meta-learner is optimized using Tempered Fractional Gradient Descent
(TFGD). The approach integrates out-of-fold meta-features with a tempered fractional
optimizer that stabilizes training and corrects systematic miscalibration inherited from
base learners. Extensive evaluation on the UCI Electrical Grid Stability dataset shows
that TFGD-stacking preserves frontier-level discrimination while delivering substantial
improvements in probability reliability: log loss and Brier score decrease by more than
20%, and Expected Calibration Error drops six-fold compared to a strong voting ensemble.
These gains translate into operational benefits, as demonstrated by superior risk–coverage
curves, enabling fewer errors at the same automation level or greater automation under
fixed risk budgets. Such improvements matter because grid supervision decisions act
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on probabilities, not ranks, and miscalibration can lead to costly false alarms or missed
instabilities. While the current work focuses on a binary setting and offline evaluation,
future research will extend the method to multi-class scenarios, develop online variants
for real-time deployment, and explore adaptive tempering strategies. Overall, TFGD-
stacking offers a principled and practical path toward models that are not only accurate
but also trustworthy for decision-making in critical infrastructure. An additional next
step will be to validate the framework on directly measured workstation or industrial
smart-grid data and to complement the present predictive-reliability analysis with runtime
and energy-consumption measurements on a representative deployment platform.
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Appendix A. Plotting and Metric Computation Details
Appendix A.1. ROC/PR Curves

Per outer fold, we compute ROC and PR using the outer-test probabilities; curves in
Figure 2 show the mean across folds with shaded bands for ±one standard deviation at
uniformly sampled recall (PR) or FPR (ROC) grid points.

Appendix A.2. Confidence Intervals (CIs)

For Table 3 and Figure 6, we report mean ± 95% CI computed as µ± 1.96× SE across
the five outer folds, where SE = σ/

√
K and K = 5.

Appendix A.3. Reliability Diagrams and ECE

Figure 3 uses 15 equal-width probability bins on predicted positive-class probabilities.
For each bin, we plot the fraction-of-positives (with binomial error bars). ECE is the
weighted average of |conf− freq| across bins, weighted by bin mass.

Appendix A.4. Risk–Coverage

Confidence is c = max{p, 1− p}. For threshold τ ∈ [0.5, 1], we retain {i : ci ≥ τ};
coverage is the retained fraction and risk is 1 − Accuracy on that set. Curves in Figure 5
sweep τ on [0.5, 1] with fixed step.

Appendix A.5. Fold-Wise Paired Differences

Figure 4 displays per-fold ∆ = TFGD− Voting. For loss-type metrics (NLL, Brier,
ECE), negative values favor TFGD. Violin widths reflect kernel density over the five paired
observations.
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