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Abstract

Modern power transmission grids are increasingly operated under volatile load, variable
generation, and near-limit line-flow conditions. In such environments, deterministic line-
flow forecasting is insufficient for operational decision support because operators require
calibrated risk probabilities, uncertainty intervals, and reliable early warning signals. This
article proposes B-TGPREF, a Bayesian Temporal Graph Probabilistic Risk Forecaster for
calibrated overload-risk forecasting in power transmission grids. The proposed framework
is positioned as a hybrid probabilistic graph-temporal forecasting system rather than as a
new end-to-end graph neural network; its novelty lies in the leakage-controlled sequential
combination of temporal forecasting, electrical graph descriptors, calibrated Bayesian
risk estimation, residual correction, and compact interval uncertainty assessment. The
model integrates temporal line-flow, load, and generation features with graph-topological
descriptors, operating-regime indicators, residual correction, conformal interval estimation,
probability calibration, and a Bayesian risk layer. A leakage-controlled data preparation
pipeline was built using an open large-scale benchmark for machine learning applications in
transmission grids. The final modeling dataset contains more than 3.48 million observations,
100 selected critical lines, train-only risk thresholds, and chronological train, validation, test,
and external-like scenario splits. B-TGPRF was compared with persistence baselines, linear
models, Bayesian baselines, tree ensembles, boosting models, neural temporal models, and
compact state-of-the-art-style temporal and graph-temporal architectures. On the strict
external-like test, B-TGPRF achieved MAE = 0.3650, RMSE = 0.5478, R2 = 0.9962, Brier
Score = 0.0147, and ECE = 0.0064. The results show that the proposed model provides a
strong overall balance between line-flow forecasting accuracy, calibrated risk estimation,
compact interval prediction, and low false-positive risk-signaling, while boosting models
remain highly competitive for pure risk-class detection.
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1. Introduction

Power transmission grids are evolving from relatively predictable centralized infras-
tructures into highly dynamic, data-rich, and topology-dependent systems. Increasing elec-
tricity demand, the integration of variable renewable generation, changing load patterns,
and complex cross-border interconnections push individual transmission lines closer to
technical operating limits. Under these conditions, early overload-risk forecasting becomes
not only a physical power-system problem but also a probabilistic decision-support task.

Traditional power-system analysis remains essential for engineering operation, but
modern monitoring systems also require data-driven models that can process large vol-
umes of time-series measurements. Machine learning approaches can capture nonlinear
interactions among load, generation, and line-flow variables; however, many published
methods focus mainly on point prediction or binary classification. Such outputs are insuffi-
cient in risk-sensitive operation because two forecasts with similar point values may have
different reliability depending on topology, regime, and proximity to an overload threshold.
A practically useful overload-risk model should therefore satisfy several requirements.
First, it should represent recent temporal dynamics of load, generation, and line flows.
Second, it should incorporate the graph structure of the transmission network because
the condition of one line is affected by neighboring lines, bus connectivity, and network
centrality. Third, it should provide calibrated probabilities, not only class labels. Fourth,
it should quantify prediction uncertainty and generate interpretable risk signals that can
support human operators.

This study addresses these requirements by proposing a Bayesian Temporal Graph
Probabilistic Risk Forecaster (B-TGPRF). The proposed model jointly forecasts future line
flow and estimates calibrated overload-risk probability. It integrates temporal encoders,
graph-topological information, operating-regime features, residual correction, conformal in-
tervals, Bayesian risk inference, and validation-based probability calibration. The approach
is evaluated on a large open benchmark for machine learning applications in transmission
grids using a leakage-controlled data pipeline and a strict external-like scenario test.

Unlike end-to-end graph neural network models that learn graph aggregation inter-
nally, B-TGPREF uses the electrical topology as a reproducible line-level representation and
combines it with temporal memory, regime-aware features, Bayesian-style risk estimation,
validation-only calibration, and conformal residual intervals. Therefore, the methodological
contribution of this study is not a new graph convolutional layer, but a leakage-safe proba-
bilistic forecasting workflow that jointly produces a point forecast, calibrated overload-risk
probability, risk class, compact prediction interval, and diagnostic uncertainty score.

B-TGPREF should therefore be interpreted as a leakage-safe hybrid probabilistic work-
flow rather than as a replacement for modern end-to-end GNNSs. Its novelty lies in the
sequential coupling of temporal forecasting, electrical line-line graph descriptors, operating-
regime representation, Bayesian posterior-style risk estimation, validation-only calibration,
residual correction, and compact conformal interval construction within one reproducible
overload-risk decision pipeline.

The main contributions of this article are as follows:

e A leakage-safe data preparation and feature-engineering pipeline for graph-temporal
overload-risk forecasting in power transmission grids;
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e A hybrid Bayesian temporal graph architecture that generates point forecasts, cali-
brated risk probabilities, risk classes, prediction intervals, and diagnostic uncertainty
scores;

e A broad comparison with persistence, linear, Bayesian, ensemble, boosting, neural
temporal, and compact state-of-the-art-style graph-temporal baselines;

e A strict evaluation protocol that includes chronological validation, internal testing,
external-like scenario testing, ablation analysis, threshold sensitivity, and horizon
sensitivity.

2. Related Work
2.1. Machine Learning for Power-System Security and Forecasting

Forecasting and security assessment in power systems have been widely studied
using statistical, machine-learning, and deep-learning methods. Classical regression and
probabilistic models are still useful because they are relatively simple and interpretable.
However, modern transmission grids are affected by nonlinear interactions among load,
generation, topology, and line flows. For this reason, recent studies emphasize that smart-
grid operation requires not only accurate point forecasts, but also uncertainty-aware and
probabilistic models that can support practical decision-making [1-5].

Tree ensembles and gradient-boosting models, such as XGBoost, LightGBM, Random
Forest, and Extra Trees, are widely used as strong baselines for tabular prediction tasks [6-9].
These models can effectively use engineered temporal, graph-derived, and operating-regime
features, and they often provide high accuracy in both regression and classification problems.
At the same time, they do not directly model the power grid as a graph. Therefore, when such
models are applied to transmission-grid problems, the network topology usually has to be
represented through manually designed graph-related features.

2.2. Graph Neural Networks and Spatio-Temporal Modeling

Transmission grids naturally have a graph structure. Buses, lines, transformers, and
generators are connected to each other, and changes in one part of the network may influ-
ence neighboring elements. Because of this, graph neural networks and graph-temporal
models have become important tools for power-flow approximation, security assessment,
fault analysis, and time-series prediction in electrical networks [10-15].

Recent benchmark studies also show that graph-based power-system models should
be evaluated under realistic and safety-oriented conditions, not only by average prediction
accuracy. Data-driven security assessment studies, PowerGraph, and SafePowerGraph
provide useful examples of benchmark datasets and evaluation protocols for transmission-
grid learning [13-15]. These works are relevant to the present study because B-TGPRF is
evaluated not only by global accuracy, but also by external-like scenario testing, subgroup
analysis, robustness checks, and safety-oriented metrics.

General graph neural network methods provide the methodological foundation for
this area. Graph convolutional networks, graph attention networks, GraphSAGE, graph
isomorphism networks, and general GNN surveys show how neighborhood aggrega-
tion, attention, inductive learning, and graph expressiveness can be used for structured
prediction tasks [16-20].

Spatio-temporal graph convolutional networks and Graph WaveNet show how graph
structure can be combined with temporal modeling [21,22]. In parallel, Transformers,
recurrent neural networks, temporal convolutional networks, DeepAR, Temporal Fusion
Transformers, PatchTST-style models, and recent time-series forecasting surveys have
improved sequential and multi-horizon forecasting [23-31]. However, the performance of
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these models in power-system applications depends strongly on graph construction, data
volume, forecast horizon, and calibration quality.

Most graph neural forecasting models use learned message passing over bus-level,
branch-level, or equipment-level graphs. This is a powerful approach, but it may require
large training datasets, careful graph design, and detailed validation of probabilistic relia-
bility. In contrast, B-TGPRF does not propose a new graph neural layer. Instead, it uses the
fixed electrical topology to build interpretable line-level graph descriptors and combines
them with temporal, operating-regime, and probabilistic components. This makes the
proposed model closer to a graph-informed probabilistic forecasting workflow than to a
fully end-to-end GNN.

2.3. Probabilistic Forecasting, Calibration, and Conformal Prediction

For overload-risk forecasting, uncertainty-aware modeling is especially important.
In practical operation, the model should not only indicate whether a line may become
overloaded, but also show how reliable this warning is. Bayesian neural networks, dropout-
based uncertainty estimation, deep ensembles, and calibration studies provide useful
tools for estimating predictive uncertainty and improving the reliability of model probabili-
ties [32-35]. Nevertheless, raw model scores are not automatically trustworthy probabilities.
A model may achieve high accuracy and still be overconfident or underconfident in critical
operating regimes.

Conformal prediction, proper scoring rules, reliability diagrams, Brier Score, Expected
Calibration Error, prediction interval coverage, and classical calibration methods help
evaluate whether predicted probabilities and intervals are consistent with observed out-
comes [36-43]. These methods are important because a practical overload-risk model
should not optimize only one metric. It should combine line-flow forecasting, calibrated
risk estimation, and interval prediction.

Recent renewable-energy forecasting studies also show that rare-event-aware hybrid
architectures and multi-horizon quantile forecasting can improve uncertainty-aware pre-
diction under variable generation conditions [44,45]. Although these studies focus on
photovoltaic power rather than transmission-line overload risk, they are methodologically
relevant because they support the use of probabilistic, interval-based, and horizon-aware
forecasting components in energy-system decision support.

2.4. Research Gap

The reviewed literature shows three main gaps. First, many forecasting models pro-
vide accurate point predictions but do not produce calibrated overload-risk probabilities.
Second, graph-temporal models often focus on prediction accuracy, while calibration
quality and interval reliability receive less attention. Third, leakage-safe threshold con-
struction and external-like scenario testing are not always treated as central parts of the
experimental design.

B-TGPREF is designed to address these gaps. The proposed framework combines
temporal memory, graph-topological descriptors, operating-regime features, Bayesian-style
risk estimation, validation-only probability calibration, residual correction, and conformal
interval construction in one reproducible workflow.

In this study, overload-risk forecasting is treated as a graph-temporal probabilistic
learning problem rather than as a simple binary classification task. This is important
because the same predicted line-flow value may have different operational meaning de-
pending on the line-specific threshold, graph context, regime state, and uncertainty level.
Therefore, the proposed model aims to support not only accurate forecasting, but also
calibrated and interpretable risk-oriented decision support.
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3. Materials and Methods

The experimental basis of this study is the open benchmark dataset ‘A large synthetic
dataset for machine learning applications in power transmission grids’ [46,47]. The dataset
was accessed through Zenodo (CERN, Geneva, Switzerland). The dataset contains a large-
scale synthetic transmission network model and long hourly time series of load, generation,
and line-flow values. The topological description is provided through the network file,
while load, generator, and line-flow time-series files are supplied by year and scenario
suffix group.

The raw benchmark files used in this study consisted of the network topology file
‘europe_network.json” and the 2020 time-series archives for load, generation, and line-flow
observations, namely ‘loads_2020.zip’, ‘gens_2020.zip’, and ‘lines_2020.zip’. The topol-
ogy file was used to extract line connectivity, line-line adjacency, topological descriptors,
neighboring-line relations, centrality indicators, and branch rating information. The load,
generation, and line-flow files were merged only when their year and scenario suffix groups
matched, ensuring that the resulting modeling table preserved scenario consistency across
all operating variables.

The dataset was selected because it supports a graph-temporal formulation of overload-
risk forecasting. It contains both network topology and operating time series, which makes
it possible to combine temporal dynamics with line adjacency, centrality, branch rating,
and neighboring-line statistics. This is essential because overload risk cannot be fully
understood by analyzing each line independently.

g= (Vlg)/l = (froml/ tOl),l €& (1)
vl (8) = fit+ 1) @)
flow 95
L, t) 1= rain
rl,h(t) = { | yjé;zow( ) ‘ qlgré “ (3)
0, |yl,h (t) ‘< ql,truin

Here, I denotes the forecasting horizon, f;(t) is the signed flow of line I at time

> in is the line-specific 95th percentile of

absolute flow calculated only from the training subset. This train-only threshold prevents

t, fi(h) is the future line-flow target, and g

leakage from validation, test, and external-like scenario data. Table 1 summarizes the main
structural characteristics of the transmission-grid model used in this study, including the
numbers of buses, transmission lines, generators, load nodes, countries, and the range of
branch ratings.

Table 1. Summary of the transmission-grid model.

No. Indicator Value
1 Buses 4097
2 Branches/transmission lines 8375
3 Generators 815

4 Load nodes 4097
5 Generator type count 27

6 Country count 26

7 Branch rating minimum 14

8 Branch rating median 4.9

9 Branch rating maximum 54.0

The scale of the network, including 4097 buses and 8375 branches, justifies the use
of graph-derived features. The range of branch ratings also indicates heterogeneous line
capacities, which is relevant for near-threshold and overload-risk analysis.
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3.1. Graph Representation

The graph used in this study is an electrical transmission network graph rather than a
geographical graph. The original network contains buses and transmission branches. For
modeling purposes, this topology is converted into a line-line graph, where each monitored
transmission line is represented as a node. An edge between two line nodes is created
when the corresponding transmission branches share at least one common electrical bus.
Thus, graph connectivity reflects electrical adjacency rather than geographical distance.

The topology is treated as fixed during the experiment because the benchmark pro-
vides a static network structure for the considered scenario groups. Operating conditions
such as load, generation, and line-flow values vary over time, whereas the adjacency struc-
ture remains unchanged. Geographic coordinates are retained only as metadata and are
excluded from trainable features to avoid coordinate-based leakage.

Graph information is used through reproducible descriptors rather than end-to-end
neural message passing. These descriptors include line degree, centrality, branch rating
information, neighboring-line-flow aggregates, graph-smoothed flow, and adjacent-line risk
indicators. This design improves interpretability and reproducibility while still allowing
the model to incorporate topological context into overload-risk forecasting.

Table 2 summarizes the main structural properties of the electrical line-line graph
used in B-TGPREF, including the node definition, edge-construction rule, topology type,
graph density, degree statistics, weighting strategy, and the way graph information enters
the model.

Table 2. Description of the electrical line-line graph structure.

Parameter Value
Graph type Electrical line-line graph
Nodes 100 selected critical lines
Edge rule Two lines are adjacent if they share a common electrical bus
Topology Fixed topology
Geographical graph No
Number of edges 125
Density 0.0253
Degree min/mean/median/max 0/25/2/6
Weighting Binary adjacency + rating-weighted sensitivity

Use in model

Graph descriptors, neighbor-flow aggregation, graph-smoothed features

The main experiments use binary electrical adjacency. Branch rating information is
not used as a geographical distance proxy; it is treated as static electrical metadata and
is additionally used in a rating-weighted adjacency sensitivity check. Figure 1 shows
the distribution of raw signed line-flow values in the transmission-grid dataset. The
distribution is centered close to zero and has extended positive and negative tails, indicating
that both flow direction and magnitude are relevant for overload-risk forecasting.

3.2. Data Preparation and Feature Engineering

The data preparation pipeline was designed to preserve chronological structure, avoid
coordinate leakage, and ensure that all thresholds, normalization parameters, and risk
labels were generated only from permissible training information. Longitude and lati-
tude were retained as metadata but excluded from trainable features to avoid artificial
geographic leakage.
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Figure 1. Distribution of raw signed line-flow values in the transmission-grid dataset.

Raw inputs included the network topology file and yearly ZIP files containing load,
generation, and line-flow time series. Files were audited for size, missing values, numeric
ranges, and matching year/suffix groups. Load, generation, and line-flow groups were
merged only when they shared the same year and suffix. This rule is important because
scenario groups are not interchangeable.

Figure 2 summarizes the leakage-controlled data preparation and feature-engineering
pipeline. The pipeline starts from verified time-varying data and static network topol-
ogy, applies chronological splitting and train-only threshold construction, and pro-
duces model-ready feature matrices, targets, graph matrices, selected-line metadata, and
partition summaries.

Data Preparation and Feature Engineering Pipeline

Leakage-controlled preparation for Bayesian temporal graph overload-risk forecasting

7a

. N ([ . Y /3. Unified table: parallel feature families and N\ R
1. Verified sources 2. Leakage-safe design T 4. Model-ready evidence
;&;ﬁz;’fmg data Chronological split Row index: (scenario group, t, £) hfeature matrices and line-
generation - line Groups !73 ; S0t — . o_v&;(tiargelts d selected-
flow 20% validation — 20% test N System state and regimes  risk labels and selected-
Group 4: external-like test Temporal and line load and generation aggregates line metadata
history ramps and 24 h summaries « graph matrices and feature
Mz:ltched by year calenlziar cEycles ) high load - high generation - definitions
and scenario group lags k € {1,6,24 high ramy « partition summaries
Quality audit > Training rows only ™ | shifted rolling 6 hand 24 h loi mﬂrgI;n - stress P
100 critical lines: variability - Downstream analysis
Static network high-flow magnitude - risk . Model fitting, calibration,
topology frequency - topology Gl:aph and topology Fohrecast and risk targets ablation 4hd fnal validaton
buses - transmission Fit on training rows: scaling neighbor mean and ?!l( ) = fe(t+h),h€{1,6,24} h ’
lines - ratings parameters; ¢*%, %%, ¢0%; maximum flow Normal - Warning - Critical
regime thresholds adjacent risk count - thresholds: g9 0., 4o,
Line adjacency from et . . Tih) = “{\ylh)\ = q?,ﬂiin}
shared elsctaioal Coordinates = metadata only degree - centrality - rating risk proximity; gfi95;,: sensitivity
buses Never used as trainable features \ /
J & 4 E———

Data-use boundary: train = line selection and data-derived thresholds; validation = tuning, calibration, and decision thresholds; test and group 4 external-like = final evaluation only.

Independent feature families are computed in parallel from historical information; arrows show workflow, not causality between feature groups.

Figure 2. Data preparation and feature-engineering pipeline for Bayesian temporal graph overload-
risk forecasting.

The diagram emphasizes the data-use boundary of the study: training rows are used
for line selection, scaling parameters, and data-derived thresholds; the validation subset
is used for tuning, calibration, and decision-threshold selection; and the internal test and
group 4 external-like scenario data are reserved only for final evaluation.
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Feature groups include cyclic time encodings, lagged and rolling line-flow statistics,
load and generation aggregates, graph-neighborhood variables, centrality and rating de-
scriptors, operating-regime indicators, and train-only quantile-based risk proximity. The
complete feature dictionary, including the feature origin, leakage-control rule, and corre-
sponding B-TGPRF component, is reported in Supplementary Table S6. The final output of
the pipeline consists of feature matrices, line-flow targets, risk labels, selected-line metadata,
graph matrices, feature dictionaries, and split summaries.

The modeling table is indexed by timestamp, scenario group, and line identifier.
Critical lines were selected using variability, high-flow magnitude, risk-event frequency,
and topological importance. This selection focuses the analysis on the most informative
elements while keeping the experiment computationally stable.

1
= —— o (t 4
D= Dtmin U 7-)val U Drest U Dext (5)

Table 3 summarizes the experimental configuration and leakage-control protocol used
in the study, including the data source, scenario groups, selected lines, forecast horizons,
train-only risk thresholds, chronological split, and external-like scenario test.

Table 3. Experimental configuration and leakage-control protocol.

Configuration Block Value Purpose

Data source Zenodo benchmark record 13378476 Open reproducible benchmark

Year used 2020 Primary modeling period

Matched suffix groups 2020 groups 1-4 Scenario-consistent merging

Selected critical lines 100 Risk-informative subset

Forecast horizons 1,6,and 24 h Short- and medium-horizon assessment
Risk thresholds q90, 995, q99 Warning and critical risk levels

Main risk threshold q95 train-only absolute flow Primary binary risk label

Train/validation/test
External-like test

Chronological model selection and internal testing
Strict scenario-level robustness check

60%/20%/20% of groups 1-3
All valid target times in group 4

Table 4 reports the leakage audit of the experimental pipeline. Since the reported
forecasting accuracy is high, an additional audit was performed to verify that no future or
external-test information was used during model training, preprocessing, risk-threshold
construction, probability calibration, or interval estimation. The purpose of this audit
is to document the main safeguards of the pipeline and to demonstrate that all model-
development decisions were based only on the training or validation subsets, while the
internal test and external-like scenario test were kept fully held out.

Table 4. Leakage audit of the experimental pipeline.

Check Leakage-Control Rule Status
Chronological split Training, validation, and test subsets follow temporal order Passed
External-like scenario Group 4 is not used for training, model selection, scaling, thresholding, or calibration = Passed
Risk thresholds q90, 95, and q99 are computed only from training rows Passed
Scaling parameters Normalization parameters are fitted only on the training subset Passed
Calibration Probability calibration is fitted only on the validation subset Passed
Future target exclusion Future line-flow values are used only as targets, not as input features Passed
Lag and rolling features Lagged and rolling features use only current and past observations Passed
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This audit does not claim that high forecasting accuracy alone proves the absence of
leakage. Rather, it documents the main safeguards used to reduce information leakage risk:
chronological splitting, train-only threshold estimation, train-only scaling, validation-only
calibration, validation-only conformal correction, and exclusion of future target values
from the input feature set.

3.3. Proposed B-TGPRF Method

B-TGPREF consists of three representation branches followed by graph-temporal fusion,
a forecasting backbone, residual correction, conformal interval estimation, Bayesian risk
inference, calibration, and diagnostic uncertainty estimation. This design reflects the
assumption that overload risk is generated by interacting temporal, topological, and
operating-regime factors.

The temporal branch summarizes recent 24 h dynamics of line flow, load, generation,
lags, and rolling features. The graph-topology branch uses line adjacency, neighboring-
line flows, centrality, degree, and branch rating information. The regime branch encodes
high-load, high-generation, high-ramp, low-margin, and stress indicators.

Figure 3 illustrates the internal architecture of B-TGPRE. The model receives recent 24
h temporal dynamics, network-context features, operating-condition indicators, and the
forecast horizon as inputs. These inputs are transformed into temporal, graph-topological,
and operating-regime representations, which are then fused for line-flow forecasting,
residual correction, conformal interval construction, Bayesian overload-risk estimation,
validation-only calibration, risk classification, and diagnostic uncertainty scoring.

Internal Architecture of the B-TGPRF Model

Temporal, graph-topological, and operating-regime evidence — forecast, risk, calibration, and uncertainty

4 Y N

3. Fusion and flow forecast

2. Representation branches
4. Risk, decision, and uncertainty

Graph-temporal state Bayesian overload risk

Temporal state z7(t, £) 2 X
X 2(t, 6, k) = [21(t,4), 26(t, £), zr(t, ), ] B = Plren =11 28357

recent line-flow, load, and generation

dynamics .
Point forecast Validation-only calibration

gree(t) = Fy(z(t, 4, b)) Pl = Com (B

Residual correction
9 (8) = 95°(6) + Ry(=, 355

Risk class

= — =cal |~flow 0.90 0.95
Ceh = D@ 19", gizain: Geiirain)

Graph-topology state z(t,£)
adjacency, neighboring-line flows,

degree, centrality, and rating Conformal validation-residual interval

Diagnostic uncertainty
Ign(®) = 3™ — 8val, 9™ + bval]

Upp = Qwidth(I), HE), [|§%| — gfe..1)

Operating-regime state zp(t,{)
high-load, high-generation, high-ramp,
low-margin, and stress indicators

A

)\ /L 4

+_|

point and median line-flow forecast - lower and upper interval bounds - posterior and calibrated overload-risk probabilities - Normal - Warning - Critical class - diagnostic uncertainty

5. Model outputs

Leakage-control rule: calibration and interval construction use validation data only; test and external-like labels remain excluded.

Figure 3. Internal architecture of the B-TGPRF model.

The architecture is intentionally organized as a sequential probabilistic workflow
rather than as a fully end-to-end graph neural network. This design makes the use of
temporal evidence, graph-topological descriptors, operating-regime indicators, calibration,
and uncertainty estimation explicit and reproducible.
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The internal structure of B-TGPRF consists of several related branches. The temporal
branch processes the dynamics of line flows, load, and generation:

ZT(t/l) = ET(xt—L,l/ cee rxt,l) (6)

The graph-topological branch uses the adjacency matrix of lines and features of
neighboring elements:

ZG(t,l) = EG(ALr {xt,m tm e N(l)}) (7)

The regime branch encodes signs of high consumption, high generation, abrupt flow
changes, and proximity to threshold states:

zr(t,1) = Eg(regime; ;) (8)
After that, the three views are combined into a single graph-temporal state of the model:

z(t,1,h) = [zr(t,1),26(t,1),zr (L, 1), h] 9)

Based on the combined state, a point forecast of the future flow is constructed:

gire(t) = Fo(z(t,1,h)) (10)

For more accurate processing of near-threshold and high-risk modes, we add
residual correction:

~flow ~base ~base
() = 75 (t) + Ry (2(4, 1, ), 915 (1)) (11)

where Ry corrects the error of the base forecast in modes close to the overload threshold.
The Bayesian risk layer translates the graph-temporal state and adjusted forecast into
a posterior overload probability:

P () = Plr(t) = 11 2(, L), 97,7 (1)) (12)
In this study, the term Bayesian risk layer is used in an applied probabilistic sense.
It denotes a component that maps the graph-temporal state, residual-corrected line-flow
forecast, and proximity to train-only risk thresholds into a posterior-style overload-risk
probability. B-TGPREF is not intended to be interpreted as a full Bayesian neural net-
work with prior distributions over all weights and full posterior inference over model
parameters. The Bayesian component is used for posterior-style risk estimation and is
followed by validation-only probability calibration to reduce overconfidence and improve
probabilistic interpretability.
Next, the probability is calibrated on the validation part:

P (1) = Cour (D)) (13)

where C,,;(-) is the calibration transformation constructed without using the test and
external-test parts.
The interval forecast is formed using a conformal correction based on the distribution
of validation residuals:
~flow flow
I () = (9137 (8) = Suat, 913 (8) + Oua] (14)

where &, is calculated from the distribution of validation residuals.
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The final risk class is determined using the calibrated probability and threshold
proximity to the critical level:

N ~ ~fl
Cl,h(t) = D<P?,ahl(t)’| y{:how(t) |' qlg,?min’ qlg,?min) (15)

where D (-) sets the Normal/Warning/Critical solution.
Diagnostic uncertainty combines three sources: the interval width, the posterior
probability entropy, and the proximity of the forecast to the overload threshold:

Uy (1) = Q(width (1, (1)), HPES (), 1917 (8) | =5 |) (16)

Thus, the B-TGPRF generates not only a forecast of the future flow, but also a proba-
bilistic risk assessment, a risk class, an uncertainty interval, and a diagnostic confidence
indicator. This makes the model suitable for tasks where not only the accuracy of the
prediction is important, but also an interpreted estimate of the risk of overload.

The detailed probability calibration protocol, including the calibration input, validation-
only fitting rule, Brier Score formula, ECE formula, and binning strategy, is reported in
Supplementary Table S1.

The final model output includes a point and median line-flow forecast, lower and
upper probabilistic bounds, posterior and calibrated overload-risk probabilities, a Nor-
mal/Warning/Critical decision, and a diagnostic uncertainty score. The calibration func-
tion C,,; is fitted on the validation subset and is not allowed to use test or external-like
scenario labels.

The interval construction protocol, residual definition, empirical compact interval
level, and leakage-control rule are provided in Supplementary Table S3. The reported
B-TGPRF interval should be interpreted as a compact empirical predictive interval rather
than as a 95% safety envelope.

The complete B-TGPRF workflow consists of leakage-controlled data preparation, con-
struction of temporal, graph-neighborhood, and operating-regime features, train-only risk-
threshold estimation, graph-temporal representation learning, residual-corrected line-flow
forecasting, Bayesian overload-risk estimation, validation-based probability calibration,
conformal interval construction, and diagnostic uncertainty scoring. These components are
described in the following subsections and summarized visually in Figures 2 and 3.

3.4. Experimental Setup

The proposed model was evaluated against multiple model families. The comparison
was intentionally broad to avoid testing B-TGPRF only against weak baselines. For neural
temporal and graph-temporal models, compact implementations inspired by state-of-the-
art architectures were used; therefore, the results should not be interpreted as claims against
full industrial-scale implementations of every architecture.

The comparative design was organized by model families rather than by isolated algo-
rithms (Table 5). Persistence models define the minimum acceptable forecasting baseline;
linear and Bayesian baselines test whether the task can be solved by simple interpretable
dependencies; tree ensembles and boosting methods provide strong nonlinear tabular
competitors; neural temporal models test sequential representation learning; compact
graph-temporal models assess the value of explicit temporal-topological representation;
and probabilistic interval models provide a benchmark for uncertainty-aware forecasting.
This structure allows B-TGPRF to be evaluated against models of different complexity and
modeling assumptions.
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Table 5. Model families used in the comparative study.

Family

Models

Main Role

Persistence baselines

Persistence; seasonal previous-day
persistence

Lower-bound forecasting and risk
baselines

Linear and Bayesian baselines

Ridge; ElasticNet; logistic regression;
Gaussian Naive Bayes; Bayesian
Ridge approximation

Interpretable regression and
probabilistic baselines

Tree ensembles and boosting

Random Forest; Extra Trees;
HistGradientBoosting; XGBoost;
LightGBM

Strong nonlinear tabular baselines

Neural temporal models

LSTM; GRU; TCN; Transformer
Encoder

Sequential line-flow and risk
modeling

Compact SOTA-style graph-temporal
models

STGCN-inspired; Graph
WaveNet-inspired; PatchTST-style;
TFT-inspired attention

Temporal and graph-temporal
representation testing

Probabilistic interval models

Quantile Gradient Boosting
conformal baseline

Prediction interval comparison

Proposed model

B-TGPRF

Joint line-flow forecasting, calibrated
risk estimation, and uncertainty
quantification

To improve the fairness of comparison, all models were trained and evaluated using

the same chronological split, the same external-like scenario test, the same target definitions,

and the same leakage-controlled preprocessing rules. The validation subset was used for

model selection, threshold selection, calibration, or early stopping where applicable. The

test and external-like scenario subsets were not used for training, scaling, calibration,

conformal residual estimation, or hyperparameter selection.

Table 6 reports the fairness and hyperparameter-control protocol used for the strongest

competing models and the proposed B-TGPRF framework. The table shows that all models

were trained on the same number of rows, used the same random seed where applicable,

and were evaluated under the same chronological validation protocol.

Table 6. Fairness and hyperparameter-control protocol.

Model

Train Rows

Random Seed

Validation Protocol

HPO/Selection

Limited equal-budget

HistGradientBoostingClassifier 1,572,300 42 Chronological validation search

LightGBM 1,572,300 42 Chronological validation Limited equal-budget
search

XGBoost 1,572,300 42 Chronological validation Limited equal-budget
search

Extra Trees 1,572,300 42 Chronological validation Limited equal-budget
search

B-TGPRF 1,572,300 42 Validation-only Component selection

calibration/selection

To improve the reproducibility of the compact neural and graph-temporal baselines,

the main architectural and training settings are reported in Supplementary Table S18.

These settings include the lookback window, number of input features, hidden dimension,

optimizer, loss function, row limits, early stopping rule, and architecture-specific details.
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The neural baselines should be interpreted as compact SOTA-style implementations under
a controlled benchmark budget rather than as full industrial-scale implementations.

For computational feasibility, a limited equal-budget hyperparameter search was
applied to the strongest tabular and boosting baselines. Neural and graph-temporal
baselines were implemented as compact SOTA-style variants; therefore, the comparison
should be interpreted as a controlled benchmark comparison rather than an exhaustive
industrial-scale optimization of every architecture.

Classification metrics included accuracy, Balanced Accuracy, Macro-F1, Weighted-
F1, precision, recall, specificity, false-positive rate, false-negative rate, ROC-AUC, and
PR-AUC. Forecasting metrics included MAE, RMSE, sMAPE, MAPE_safe, ramp_MAE,
R?, and normalized RMSE. Calibration and interval quality were evaluated using Brier
Score, Expected Calibration Error, pinball loss, interval coverage, mean interval width, and
uncertainty—error correlation.

4. Results
4.1. External-Test Classification Performance

Table 7 summarizes the strict external-like test classification results for the most rele-
vant models. Boosting models achieved the strongest pure risk-class detection performance
in terms of Macro-F1 and Balanced Accuracy, while B-TGPREF retained high overall accuracy
and Weighted-F1. The results should therefore be interpreted as a trade-off rather than
absolute dominance by one model.

Table 7. Strict external test: selected classification metrics.

Model Group Accuracy Balanced Accuracy Macro-F1 Weighted-F1
HistGradientBoostingClassifier =~ Boosting 0.9815 0.9800 0.9209 0.9826
LightGBM Boosting 0.9782 0.9820 0.9097 0.9798
XGBoost Boosting 0.9777 0.9775 0.9072 0.9793
Persistence risk baseline Persistence 0.9802 0.9014 0.9032 0.9802
MLPClassifier Classical ML 0.9772 0.9282 0.8971 0.9781
B-TGPRF Proposed 0.9798 0.8747 0.8960 0.9792

B-TGPRF showed a conservative risk-signaling profile, with precision = 0.8544, speci-
ficity = 0.9926, and FPR = 0.0074. This reduces false alarms but increases the risk of missed
positive cases compared with high-recall boosting models. Therefore, the model is best
interpreted as a calibrated risk-support component rather than a pure recall maximizer.

For safety-critical deployment, this conservative profile would require threshold
tuning according to operator preference. If missed overload-risk events are more costly
than false alarms, the decision threshold should be adjusted to increase recall and reduce
the false-negative rate.

Because missed overload-risk events are more critical than false alarms in operational
security, an additional threshold operating point analysis was conducted for B-TGPRF.
Table 8 reports the default external settings and two recall-oriented operating points. This
analysis shows that the false-negative rate is not a fixed property of the model but depends
on the selected decision threshold.

The threshold analysis shows that the default B-TGPRF setting is conservative: it
provides high precision and a low false-positive rate, but its recall may be insufficient for
safety-first monitoring. Lowering the decision threshold to 0.0853 increases recall to 0.9278
and reduces the false-negative rate to 0.0722, at the cost of a higher false-positive rate and
lower precision. A more aggressive threshold of 0.0330 further increases recall to 0.9619
and reduces FNR to 0.0381, but produces more false alarms. Therefore, B-TGPRF should be
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used with an operating threshold selected according to the operator’s risk policy rather
than with a single fixed default threshold.

Table 8. Safety-oriented threshold operating points for B-TGPRE.

Decision

Operating Point Threshold P FP TN FN Recall 1 FNR | FPR | Precision 1 Macro-F1 1
Default external setting — — — — — 0.7568 0.2432 0.0074 0.8544 0.8960
Recall > 0.90 0.0853 3021 1379 55,364 235 0.9278 0.0722 0.0243 0.6866 0.8874
Recall > 0.95 0.0330 3132 2068 54,675 124 0.9619 0.0381 0.0364 0.6023 0.8606

Note: 1 denotes metrics for which higher values are preferable, whereas | denotes metrics for which lower values
are preferable.

4.2. External-Test Line-Flow Forecasting

The strongest advantage of B-TGPRF appears in line-flow forecasting. On the strict
external-like scenario test, B-TGPRF achieved the lowest MAE, RMSE, sMAPE, and normal-
ized RMSE among the compared models. Table 9 reports the strict external-test line-flow
forecasting metrics for B-TGPRF and the competing baseline models. The comparison
includes MAE, RMSE, sMAPE, R?, and normalized RMSE, allowing direct assessment of
both absolute and normalized forecasting error.

Table 9. Strict external test: line-flow forecasting metrics.

Model Group MAE RMSE  sMAPE R2 gﬁ‘gﬁzed
B-TGPRF Proposed 0.3650 0.5478 0.1101 0.9962 0.0613
ExtraTreesRegressor Tree ensemble  0.3748 0.5903 0.1122 0.9956 0.0660
HistGradientBoostingRegressor Boosting 0.3846 0.5653 0.1157 0.9960 0.0632

RandomForestRegressor

Tree ensemble 0.3855 0.6018 0.1141 0.9955 0.0673

XGBoost Regressor

Boosting 0.4315 0.6435 0.1272 0.9948 0.0720

Persistence forecast

Persistence 0.8068 1.2435 0.2052 0.9806 0.1391

These results indicate that the combination of temporal memory, graph-derived in-
formation, operating-regime features, and residual correction helps reproduce both the
magnitude and local changes in future line flows. The improvement is most relevant
for near-threshold diagnostics, where small forecast errors may change the operational
interpretation of risk.

The high R? value should be interpreted with caution. It reflects the strong short-term
temporal continuity of line-flow dynamics, the autoregressive structure of the dataset, and
the availability of physically meaningful past-only lag, rolling, ramp, load, generation, and
topology-related predictors. It should not be interpreted as evidence that overload-risk
forecasting is universally solved. The leakage audit described in the Methods Section was
therefore included to document that the reported accuracy was obtained under chronologi-
cal splitting, train-only preprocessing, train-only threshold construction, validation-only
calibration, and exclusion of future target values from input features.

4.3. Calibration, Risk Ranking, and Interval Forecasting

Table 10 reports selected probabilistic quality indicators. HistGradientBoostingClassi-
fier obtained the best Brier Score and PR-AUC on the external-like test, whereas B-TGPRF
achieved the best Expected Calibration Error among the compared models. This indicates
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that B-TGPRF probabilities are particularly well aligned with observed event frequencies
across calibration bins.

Table 10. Strict external test: probability calibration and risk ranking.

Model

Group Brier Score ECE ROC-AUC PR-AUC

HistGradientBoostingClassifier Boosting 0.0138 0.0192 0.9978 0.9629

B-TGPRF
LightGBM
XGBoost
MLPClassifier

Proposed 0.0147 0.0064 0.9931 0.9035
Boosting 0.0167 0.0241 0.9978 0.9618
Boosting 0.0168 0.0259 0.9971 0.9525
Classical ML 0.0170 0.0132 0.9932 0.9087

The validation and external-like calibration results are reported together in Supple-
mentary Table S2. On the validation subset, B-TGPRF achieved the best Brier Score and ECE,
whereas on the external-like test it retained the best ECE, while HistGradientBoostingClas-
sifier achieved the lowest Brier Score. This confirms that B-TGPRF should be interpreted
as the strongest model in terms of calibration agreement, not as the best model on every
probability metric.

The reliability diagram confirms that the calibrated probabilities are not merely classi-
fier scores but carry interpretable risk information. In the low-probability range, predicted
and observed risk frequencies remain close to zero, while high predicted risk levels cor-
respond to high observed overload-risk frequencies. Moderate deviations in the middle
probability range indicate local underestimation or overestimation, which is also reflected
by the ECE metric.

Table 11 compares the interval forecasting quality of B-TGPRF with the Quantile
Gradient Boosting conformal baseline using pinball loss, empirical coverage, mean interval
width, and uncertainty—error correlation. Figure 4 shows the reliability diagram of the
calibrated overload-risk probabilities on the strict external-like test. The dotted diagonal
line represents perfect calibration, while the green curve shows the observed critical-risk
frequency for different predicted-probability bins.

Table 11. Strict external test: interval forecasting quality.

Model

Mean Interval Uncertainty—Error

Group Pinball Loss  Coverage Width Correlation

Quantile Gradient Boosting conformal =~ Boosting 0.1710 0.9959 6.7987 -

B-TGPRF

Proposed  0.0678 0.8494 1.3891 —0.0208

Supplementary Table 54 provides the full validation and external-like interval fore-
casting comparison. Across both splits, B-TGPRF achieved substantially lower pinball loss
and narrower intervals than the Quantile Gradient Boosting conformal baseline, while the
latter achieved higher empirical coverage through much wider prediction intervals.

The conformal boosting baseline achieved higher empirical coverage, but its intervals
were substantially wider. B-TGPRF provided a narrower and more informative inter-
val, with lower pinball loss, making it more useful for near-threshold overload diag-
nostics. This result illustrates the difference between maximum coverage and practical
interval informativeness.

Table 12 extends the interval evaluation by adding approximate CRPS, Winkler score,
prediction interval coverage probability, mean prediction interval width, and sharpness.
These metrics provide a more complete view of the trade-off between interval accuracy,
coverage, and compactness.
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Figure 4. Reliability diagram of calibrated overload-risk probabilities on the strict external-like

test. The dotted diagonal line indicates perfect calibration, and the green curve shows the observed
critical-risk frequency across predicted-probability bins.

Table 12. Additional probabilistic interval assessment on the strict external-like test.

Approx. Winkler
Model CRPS | Score | PICP t MPIW | Sharpness |
B-TGPRF 02122 2.7139 0.8492 1.3891 1.3891
Quantile Gradient Boosting 0.3730 6.8409 0.9959 6.7987 6.7987
conformal

Note: 1 denotes metrics for which higher values are preferable, whereas | denotes metrics for which lower values
are preferable.

The additional interval metrics confirm a coverage-width trade-off. The Quantile
Gradient Boosting conformal baseline achieved higher empirical coverage but produced
much wider intervals. B-TGPRF produced substantially narrower and sharper intervals
with a lower approximate CRPS and Winkler score, but its empirical coverage was lower.
Therefore, B-TGPRF should be interpreted as a compact diagnostic interval model rather
than as a conservative high-coverage safety envelope.

4.4. Ablation and Robustness Analysis

The ablation results reveal that the complete model is not designed to maximize
one isolated metric. Instead, it balances forecasting accuracy, risk calibration, interval
compactness, and conservative risk decisions. Temporal-only variants were strong in
some metrics, but removing calibration substantially degraded ECE and removing residual
correction worsened the forecasting and interval quality.

Table 13 reports the selected ablation results on the strict external-like test. The table
compares the complete B-TGPRF configuration with simplified variants in which graph
context, residual correction, or calibration is removed.
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Table 13. Strict external test: selected ablation results.
Variant Removed Component MAE Macro-F1 Brier Score ECE Mean Width
Temporal-only representation Graph and regime context ~ 0.3614 0.9123 0.0131 0.0038 1.5650
Complete B-TGPRF No component removed 0.3650 0.8960 0.0147 0.0064 1.3891
Without residual correction Residual correction 0.3690 0.9040 0.0141 0.0055 1.8160
Without graph features Graph-neighborhood 0.3788 0.9047 0.0142 0.0055 1.5339
representation
Without calibration Probability calibration 0.3795 0.8966 0.0257 0.0786 1.5359

The ablation results indicate that individual simplified variants may outperform the
complete framework on isolated metrics. In particular, the temporal-only variant is very
strong for short-horizon point forecasting and several classification indicators. However,
the complete B-TGPREF is not optimized to dominate every single metric independently.
Its objective is to provide a balanced multi-output decision-support profile that combines
competitive line-flow forecasting, calibrated risk probability, compact interval uncertainty,
graph-aware interpretability, and conservative false-positive behavior. Therefore, the
ablation study should be interpreted in terms of component-specific trade-offs rather than
simple monotonic improvement from adding each module.

To make the component-level contribution more explicit, the ablation results were
additionally interpreted as metric changes relative to the complete B-TGPRF configuration
on the strict external-like test. This analysis shows that different components contribute
to different operational dimensions. The temporal representation is the strongest source
of point-forecasting accuracy, probability calibration is the most important component for
probability reliability, residual correction improves local forecasting and interval behavior,
and graph, topology, and operating-regime descriptors provide additional electrical and
operational context. Table 14 reports the quantitative contribution of each B-TGPRF com-
ponent on the strict external-like test. The table shows changes in MAE, Macro-F1, Recall,
ECE, and pinball loss relative to the complete B-TGPRF configuration.

Table 14. Quantitative contribution of B-TGPRF components on the strict external-like test.
C t/Variant AMAE vs. AMacro-F1 vs. ARecall vs. AECE vs. APinball vs. Int tati
omponen arian Full Full Full Full Full nterpretation
Temporal-only —0.0031 +0.0163 +0.1029 —0.0026 ~0.0031 ftronge?t contribution to point
orecasting
Without graph _ Graph context improves MAE
features +0.0136 +0.0088 +0.1066 0.0009 +0.0010 but changes recall/FPR trade-off
Without topology +0.0142 +0.0102 +0.0977 —0.0014 +0.0010 Topology supports forecasting
features accuracy
Without regime 10.0143 10.0145 +0.0940 ~0.0022 100010  Regime features support
features forecasting
I/\hthout Bayesian +0.0138 +0.0114 +0.0878 —0.0005 +0.0009 B@yesmp layer contributes to
ayer risk fusion
. — Calibration is critical for
Without calibration +0.0138 +0.0006 +0.0522 +0.0722 +0.0009 e o
probability reliability
Wlthou't residual +0.0037 +0.0080 +0.0921 —0.0009 +0.0001 Re51dua.l correction refines
correction forecasting
Zero-width interval 0.0000 0.0000 0.0000 0.0000 +0114g ~[nterval estimation is necessary

for uncertainty

The ablation study shows that complex graph, topology, and operating-regime features
are not universally beneficial for every metric. In particular, the temporal-only representa-
tion achieves slightly better MAE, Macro-F1, Recall, and ECE than the complete B-TGPRF
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on the 1 h external-like test. This indicates that recent temporal line-flow dynamics carry the
dominant predictive signal for short-horizon forecasting and risk detection. Therefore, the
role of complex features should be interpreted more narrowly: they provide topology-aware
and regime-aware context, support diagnostic interpretation, and contribute to a multi-
output probabilistic risk framework, but they do not guarantee monotonic improvement in
every numerical metric. The full B-TGPRF should therefore be interpreted as a balanced
decision-support configuration rather than as the best variant for each isolated metric.

The detailed ablation of the calibration and interval components is reported in Sup-
plementary Table S5. The removal of the calibration layer substantially worsened ECE
and Brier Score, confirming that calibration is not a cosmetic post-processing step but a
necessary component for aligning predicted risk probabilities with observed events.

The ablation results should not be interpreted as evidence that the complete model
must dominate every individual metric. Temporal-only variants are strong for short-
horizon point forecasting, but the complete B-TGPRF is designed as a multi-output prob-
abilistic system. Its value lies in combining competitive forecasting accuracy, calibrated
risk probability, compact interval prediction, uncertainty diagnostics, and conservative
false-positive behavior.

Threshold sensitivity showed that q95 was the best-balanced risk threshold in terms
of calibration. Horizon sensitivity indicated that the 1 h horizon was the most reliable,
whereas 6 h and 24 h horizons require additional optimization and potentially richer
temporal context.

Table 15 reports the sensitivity of B-TGPRF to different risk thresholds and forecast
horizons. The threshold comparison evaluates q90, 95, and q99, while the horizon com-
parison shows how performance changes from 1 h to 6 h and 24 h forecasting.

Table 15. Sensitivity to risk thresholds and forecast horizons.

Analysis Setting MAE Macro-F1 Balanced Accuracy Brier Score ECE

Threshold q90 - 0.9488 - 0.0438 0.0498
Threshold q95 - 0.9372 - 0.0147 0.0064
Threshold q99 - 0.8923 - 0.0320 0.0374
Horizon 1h 0.3650 0.8960 0.8747 0.0147 0.0064
Horizon 6h 3.6087 0.5615 0.5941 0.0554 0.0609
Horizon 24h 3.0398 0.6564 0.6802 0.0589 0.1065

The degradation at the 6 h and 24 h horizons is substantial and should be interpreted
as a limitation of the present B-TGPRF configuration. The model is most reliable for 1 h
operational forecasting because short-horizon line-flow dynamics contain strong temporal
persistence and recent lag, rolling, and ramp features remain highly informative. At longer
horizons, this direct autoregressive relationship weakens, while accumulated changes in
load, generation, redispatch-like effects, and regime transitions become more important.
The current architecture does not include horizon-specific exogenous forecasts of future
load, renewable generation, dispatch schedules, or contingency plans. Therefore, the 6 h
and 24 h results are reported transparently as diagnostic long-horizon limitations rather
than as deployment-ready long-horizon performance. Future work should use horizon-
specific encoders, longer lookback windows, sequence-to-sequence multi-horizon learning,
richer exogenous variables, and separate multi-horizon calibration.

The q95 threshold was selected as the main operating threshold because it provides
a compromise between event frequency, strictness of the overload-risk definition, and
probability calibration. The q90 threshold creates a broader warning class but weakens
calibration, whereas q99 makes the positive class rarer and increases the difficulty of stable
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risk learning. Therefore, q95 is used as the primary operational risk threshold because it is
strict enough to represent near-critical operation while still providing a sufficient number
of positive events for training and calibration.

4.5. Safety-Critical Subgroup Evaluation

Table 16 reports the safety-critical subgroup evaluation of B-TGPRF on the strict
external-like test. The model was assessed under high-load, high-ramp, low-margin,
stress, near-threshold, central-line, and peripheral-line conditions to determine whether its

performance remains stable beyond average global metrics.

Table 16. Safety-critical subgroup evaluation of B-TGPRF on the strict external-like test.

Subgroup MAE | Macro-F11 Recall FNR | Brier Score | ECE | Coverage 1
High-load periods 0.4206 0.8750 0.6400 0.3600 0.0186 0.0182 0.8078
High-ramp periods 0.3572 0.8958 0.7552 0.2448 0.0139 0.0060 0.8574
Low-margin periods 0.2915 0.8757 0.7578 0.2422 0.0596 0.0262 0.9007
Stress periods 0.3491 0.8710 0.6935 0.3065 0.0477 0.0294 0.8600
Near-threshold periods ~ 0.2530 0.8256 0.7014 0.2986 0.1042 0.0464 0.9169
Central lines 0.3529 0.9141 0.7961 0.2039 0.0119 0.0037 0.8559
Peripheral lines 0.3792 0.8745 0.7110 0.2890 0.0180 0.0099 0.8418

Note: 1 denotes metrics for which higher values are preferable, whereas | denotes metrics for which lower values
are preferable.

The subgroup results show that B-TGPRF is more reliable for central lines and high-
ramp periods, while high-load, stress, and near-threshold regimes remain more challenging.
In particular, the false-negative rate increases in high-load and stress periods, indicating that
safety-critical deployment would require recall-oriented threshold tuning and additional
validation under contingency-like and rare-event scenarios.

To further address safety-critical operating conditions, additional scenario-proxy
checks were conducted on the strict external-like test. These checks included contingency-
like proxy conditions, defined by the top 1% neighbor-stress and line-loading cases, as
well as additional regime-oriented subgroup checks. These proxy groups do not replace
full contingency simulation or real renewable-intermittency testing, but they provide a
stricter stress-oriented diagnostic evaluation within the available benchmark. Table 17
reports additional safety-critical scenario-proxy metrics for B-TGPRE, including overall
performance, high-load and high-ramp periods, central and peripheral lines, and the
contingency-like proxy subgroup.

Table 17. Additional safety-critical scenario-proxy metrics for B-TGPRF.

Subgroup Rows Positive Rate Recall FNR Precision Macro-F1 Brier ECE
Overall 59,999 0.0543 0.7568 0.2432 0.8544 0.8960 0.0147 0.0064
High-load 14,438 0.0650 0.6400 0.3600 0.9465 0.8750 0.0186 0.0183
High-ramp 15,128 0.0513 0.7552 0.2448 0.8542 0.8958 0.0139 0.0060
Central lines 32,350 0.0541 0.7961 0.2039 0.8823 0.9141 0.0119 0.0037
Peripheral lines 27,649 0.0544 0.7110 0.2890 0.8206 0.8745 0.0180 0.0099
Contingency-like proxy 600 0.3083 0.9081 0.0919 0.9545 0.9505 — —

The results show that the contingency-like proxy subgroup has a much higher positive-
risk rate than the overall external-like test and that B-TGPRF achieves stronger recall and
Macro-F1 under this proxy condition. However, because this subgroup is derived from
benchmark stress indicators rather than from a full N-k contingency simulation, it should
be interpreted as a diagnostic stress check rather than as complete contingency validation.
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4.6. Runtime, Memory, and Scalability Assessment

Because B-TGPRF consists of several sequential processing stages, runtime, memory
use, and scalability were additionally measured. In the saved final configuration, B-TGPRF
used 100 selected lines, 1,572,300 training rows, and 871,200 external-test rows. The training
time was 4.144 s, the inference time was approximately 0.0161 s per 10,000 observations, and
peak RAM use was approximately 3457 MB. A compact scaling rerun was also conducted
for 20 and 100 selected lines under the same sample budget. The training time was 0.9883 s
and 0.9889 s, respectively, while the inference time per 10,000 observations remained below
0.017 s. These results indicate that the inference overhead of the tabular graph-temporal
representation remains low. A 200-line scaling experiment was not artificially created
because the current selected-line dataset contains 100 lines; therefore, no fabricated 200-line
result is reported.

Table 18 indicates that B-TGPRF has low inference latency under the tabular graph-
temporal representation. The compact scaling experiment also shows that increasing the
selected-line count from 20 to 100 did not materially increase inference time under the
same sample budget, although larger real EMS deployments would still require additional
production-grade testing.

Table 18. Runtime, memory, and scalability assessment.

Configuration Lines Train Rows Test Rows Train Time,s  Inference per10k,s Peak RAM, MB
B-TGPREF final external 100 1,572,300 871,200 4.144 0.0161 3457
Compact HGB scaling 20 30,000 8000 0.9883 0.0167 2592
Compact HGB scaling 100 30,000 8000 0.9889 0.0158 3232

These measurements suggest that the proposed workflow can be executed with low
inference overhead in the present benchmark setting. Nevertheless, the scalability results
should be interpreted as benchmark-level evidence, and production EMS deployment
would require additional testing under larger networks, streaming data, and real communi-
cation constraints.

The runtime values were obtained on the authors’ experimental computing environ-
ment; hardware-specific latency may vary across CPU/GPU configurations and production
EMS infrastructure.

4.7. Robustness Under Realistic Data-Quality Disturbances

To approximate realistic SCADA /PMU data-quality disturbances, an additional ro-
bustness analysis was conducted for the B-TGPRF risk layer. The tested disturbance
scenarios included missing values at different levels, Gaussian noise equal to 5% of feature
standard deviation, communication delays of 1 h and 2 h, line-flow sensor dropout, and
topology feature dropout. The objective of this analysis was not to fully reproduce opera-
tional EMS conditions, but to evaluate the sensitivity of the proposed framework to realistic
measurement imperfections. Table 19 reports the robustness analysis for the B-TGPRF risk
layer under realistic data-quality disturbances, including missing values, Gaussian noise,
communication delay, line-flow sensor dropout, and topology feature dropout.

The robustness results show that B-TGPRF remains relatively stable under moderate
missingness and topology feature dropout, but it is more sensitive to measurement noise,
delayed observations, and line-flow sensor dropout. In particular, Gaussian noise and
communication delay reduce recall and increase the false-negative rate. This finding is im-
portant for safety-critical deployment because missed overload-risk events are usually more
costly than false alarms. Therefore, real EMS deployment would require missing-value
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monitoring, delay-aware input flags, sensor-quality checks, topology-version tracking, and
periodic recalibration.

Table 19. Robustness analysis for the B-TGPREF risk layer.

Scenario Macro-F1 ~ Recall FNR Brier ECE
Clean 0.8975 0.7596 0.2404 0.0154 0.0071
Missing 5% 0.8989 0.7486 0.2514 0.0154 0.0075
Missing 20% 0.8774 0.6716 0.3284 0.0158 0.0093
Gaussian noise 5% 0.8404 0.5486 0.4514 0.0172 0.0170
Delay 1h 0.8804 0.6716 0.3284 0.0158 0.0097
Delay 2 h 0.8737 0.6569 0.3431 0.0159 0.0095
Sensor dropout line-flow 0.8822 0.6752 0.3248 0.0160 0.0104
Topology dropout 5% 0.8971 0.7560 0.2440 0.0154 0.0073

5. Discussion

The results support the view that overload-risk forecasting should be treated as a
multi-output probabilistic task rather than as a simple point-forecasting or classification
problem. B-TGPREF is particularly strong in forecasting future line flow and in providing
calibrated risk probabilities and compact prediction intervals.

The practical role of B-TGPREF is to support monitoring and early warning rather
than to replace physical power-flow calculations, contingency analysis, or operator safety
procedures. The model provides a probabilistic risk signal, a future line-flow forecast,
an uncertainty interval, and diagnostic information about prediction confidence. These
outputs should be used as analytical support for prioritizing vulnerable lines and near-
threshold regimes, while final operational decisions should remain grounded in engineering
constraints and operator procedures.

The comparison also shows that boosting models remain highly competitive for pure
risk-class detection. This finding should not be hidden. B-TGPRF does not dominate
every classification metric. Instead, it offers a different operational profile, prioritizing
calibrated probability, compact uncertainty intervals, and low false-positive risk-signaling.
In operational settings, this profile can be valuable because excessive false alarms may
reduce operator trust in decision-support tools.

Subgroup analysis further indicates that B-TGPRF does not behave uniformly across
all operating regimes. The model is more stable for central lines and high-ramp periods,
while high-risk and near-threshold regimes remain more difficult due to class rarity and
boundary ambiguity. This result supports the need to evaluate overload-risk models not
only by global metrics but also by operating-regime and topological subgroups.

The ablation analysis confirms that the architecture is meaningful. The temporal
branch carries the strongest predictive information, but calibration, residual correction,
graph-context features, and uncertainty modeling each contribute to different dimensions of
reliability. This makes the proposed model more suitable as a decision-support component
than as a single-purpose classifier.

From a methodological perspective, the study demonstrates that carefully engineered
graph-temporal features can remain highly competitive with compact deep architectures.
This does not imply that full graph neural networks or Transformers are ineffective; rather,
it shows that, for this benchmark and protocol, a hybrid probabilistic architecture with
strong leakage control and calibrated outputs provides a favorable balance of accuracy
and interpretability.
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Limitations

This study uses one open synthetic benchmark dataset rather than operational data
from a real transmission-system operator. The external test is an external-like scenario-
group evaluation within the same benchmark, not a completely independent field dataset.
Therefore, the reported results demonstrate methodological effectiveness and scenario-level
robustness under controlled benchmark conditions, but they should not be interpreted
as direct field validation. Future work should extend the evaluation to multiple years,
additional scenario groups, stress-test simulations, and real SCADA /PMU data when such
data become available.

6. Conclusions

This article presented B-TGPRF, a Bayesian temporal graph probabilistic model for
calibrated overload-risk forecasting in power transmission grids. The model combines
temporal dynamics, graph-topological information, operating-regime features, residual
correction, Bayesian risk estimation, probability calibration, conformal interval construction,
and diagnostic uncertainty. A leakage-controlled data preparation pipeline was built from
an open benchmark dataset, and the model was evaluated using chronological train,
validation, test, and strict external-like scenario partitions.

The results demonstrate that B-TGPRF provides accurate line-flow forecasts, calibrated
risk probabilities, compact prediction intervals, and conservative false-alarm behavior. On
the strict external-like scenario test, it achieved MAE = 0.3650, RMSE = 0.5478, R? = 0.9962,
Brier Score = 0.0147, and ECE = 0.0064. Although boosting models remained stronger
for some pure classification metrics, B-TGPRF achieved the strongest overall balance
between forecasting accuracy, calibrated risk estimation, compact interval prediction, and
operational interpretability. A key limitation is that the external-like scenario test is derived
from the same synthetic benchmark family and should not be interpreted as independent
field validation on real transmission-system operator data. Therefore, the present results
demonstrate controlled benchmark reproducibility and scenario-level robustness rather
than direct operational readiness. Future work should validate the framework on multi-
year data, additional scenario groups, stress-test simulations, and real SCADA/PMU
measurements when such data become available. Future work will focus on multi-year
validation, additional operating scenarios, improved long-horizon forecasting, and testing
on real transmission-grid operational datasets.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/a19080614/s1, Table S1: Probability calibration method of B-
TGPREF; Table S2: Summary results of risk-probability calibration; Table S3: Interval and conformal
forecasting protocol; Table S4: Results of interval forecasting for line flow; Table S5: Ablation
of calibration and interval components; Table S6: Feature dictionary and leakage-control rules;
Table S7: Model families and hyperparameter-control settings; Table S8: Full validation classification
results; Table S9: Full validation forecasting results; Table S10: Full validation calibration results;
Table S11: Statistical significance testing of external-test forecasting errors; Table S12: Complete
strict external-test classification results; Table S13: Complete strict external-test forecasting results;
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line-flow forecasting metrics; Table S16: Ablation of calibration and interval prediction components;
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Grid Model Used in the Study; Figure S3: Trade-Off Between Line-Flow Forecasting Error and
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Composite Performance Score.
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