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Abstract

Graph neural networks are often applied to load forecasting on the assumption that elec-
trically related meter points should be modeled jointly, but this is rarely tested against a 
graph-free control, and building the graph usually requires a network model that is not 
always available. We ask whether an impedance-informed graph—estimated directly from 
PT/CT voltage and current, with no topology model—improves short-term load forecasting 
beyond what the forecasting architecture achieves alone. We compare an impedance-
informed ST-GCN against binary and correlation-based graphs, a self-adaptive learned 
graph, a graph-free (identity-adjacency) ST-GCN control, an LSTM baseline, and a persis-
tence baseline, at two industrial facilities (six and nine buses), using chronological splits, 
five seeds, and Bonferroni-corrected significance testing. The result is conditional and 
architecture-dependent. At one site, LSTM significantly beat every ST-GCN variant, includ-
ing the graph-free control, so the shortfall is architectural, not graph-specific. At the other, 
every ST-GCN variant beat LSTM at the conventional level (not after Bonferroni correc-
tion), and the impedance graph gave among the lowest RMSE (20.2% below an untuned 
LSTM, 13.1% below a tuned LSTM); however, the graph-free control alone captured most 
of this gain, and impedance’s further improvement over it was not significant. Lagged 
cross-correlation, Granger-causality, and input-perturbation analyses corroborate this: the 
trained ST-GCN’s sensitivity tracks the impedance graph more closely than that of LSTM 
does, and a self-adaptive graph converges toward the impedance graph’s structure, with 
seed-to-seed variability, only where graph structure helps. Graph-based load forecasting 
is therefore not universally beneficial; most of its benefit traces to the sequence-modeling 
architecture rather than to any specific graph, and both claims should be checked against a 
graph-free control and corrected significance tests before deployment.

Keywords: short-term load forecasting; smart distribution networks; spatio-temporal graph 
convolutional network; impedance-informed machine learning; impedance estimation

1. Introduction
Short-term load forecasting at the feeder and facility level is a core information layer for 

industrial energy-management systems. Reliable forecasts support demand-side manage-
ment, peak-load reduction, energy-storage scheduling, distributed-generation coordination, 
and other supervisory decisions that keep electrical energy systems flexible. Industrial 
facilities increasingly deploy potential transformers (PTs), current transformers (CTs), and 
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networked power meters at internal buses and subpanels. As a result, forecasting is in-
creasingly a multivariate problem, in which several electrically related measurement points 
jointly describe facility demand. Temporal load patterns are therefore no longer the only 
useful signal; the electrical relationships among metered buses can be exploited as well. 
Thus, recent smart-grid forecasting studies have moved from single-series models toward 
architectures that represent both temporal dynamics and network structure [1,2]. Industrial 
facilities and microgrids with on-site generation have been a particular focus of this shift, 
given their combination of internal multi-point metering and variable local supply [3–5].

Long short-term memory (LSTM) networks and related recurrent models remain 
widely used for short-term electrical load forecasting [6–8]. When applied to multi-bus 
measurements, these models typically concatenate node features into a single input vector. 
Cross-bus dependence is then left to be learned implicitly. Spatio-temporal graph neural 
networks take a different approach. Measurements are represented as nodes, and infor-
mation is exchanged according to an adjacency matrix that encodes electrical, spatial, or 
statistical relationships. ST-GCN and related architectures were first developed for net-
worked spatio-temporal prediction [9,10] and have since been applied to power-system 
forecasting and monitoring at building, feeder, and substation scale [11–19]. For industrial 
energy applications, however, the practical question is not simply whether a GNN can 
forecast load accurately, but whether the graph it is given actually represents the electrical 
relationships in the monitored distribution system.

When a validated network model is available, line admittance, impedance, or known 
feeder connectivity provides a physically meaningful graph [20–22]. In many operating 
industrial facilities, however, the maintained topology may be incomplete at the level of 
retrofitted submetering. A common alternative is to construct the adjacency matrix from 
pairwise load correlation [23–25], but statistical correlation can reflect shared production 
schedules or common operating conditions as well as electrical coupling. This matters 
for energy-management applications because a graph used for forecasting or supervisory 
analytics needs to stay interpretable as production schedules and distributed-generation 
conditions change. This raises a question that has not, to our knowledge, been tested 
directly on real industrial metering data: when no topology model is available, can a graph 
estimated from electrical first principles be built, validated, and shown to behave physically, 
and does it actually forecast better than a graph-free model or a graph learned by the model 
itself? We answer this by evaluating an impedance-informed graph, estimated directly from 
available PT/CT measurements, against binary and correlation-based graphs, an LSTM 
baseline, and a self-adaptive graph, under the same forecasting protocol.

To answer this question, the contributions of this study are to:
1. Formulate an impedance-informed graph construction for industrial distribution-

network measurements when a complete topology model is not available, validate it 
for physical plausibility, and benchmark it against topology-only, correlation-based, 
and self-adaptive graphs alongside a non-graph LSTM baseline under a repeated-seed 
evaluation protocol.

2. Use a cross-site comparison to identify the conditions under which graph structure 
helps industrial load forecasting and document a metering configuration that can 
undermine impedance-based graph construction.

3. Supplement aggregate forecasting metrics with lagged cross-correlation, Granger-
causality, and input-perturbation analyses to check whether the observed forecasting 
behavior is actually consistent with the assumed electrical coupling.
The aim is a smart-grid-oriented methodology for graph selection and validation, not 

a claim that any single GNN architecture is universally superior.
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The remainder of this paper is organized as follows. Section 2 reviews related work 
on load forecasting, spatio-temporal GNNs, and graph construction methods. Section 3 
describes the two sites, the data processing pipeline, the three graph constructions, the 
model architectures, and the training, evaluation, and mechanistic-validation protocols. 
Section 4 answers the question posed above: whether, why, and under what conditions 
graph structure helps. Section 5 discusses practical implications, limitations, and future 
work, and Section 6 concludes the paper.

2. Related Work
Load forecasting with recurrent neural networks: LSTM networks [6] and their variants 

have been a standard deep-learning approach to short-term load forecasting for over a 
decade, applied to building, feeder, and system-level demand [7,8]. These models capture 
temporal dependence within a single series (or a flattened multivariate one) but have 
no explicit notion of spatial or electrical structure among multiple input channels; when 
applied to multi-bus data, every bus’s features are concatenated into one input vector, and 
any cross-bus dependency must be learned implicitly, without a prior on which pairs of 
buses are more likely to be related.

Spatio-temporal graph neural networks: Graph convolutional networks [26] extend 
convolution to graph-structured data by aggregating each node’s features with its neighbors’ 
according to a (typically fixed) adjacency matrix. Spatio-temporal extensions interleave this 
graph convolution with a temporal model—1D convolution in ST-GCN [9] or a recurrent 
unit in DCRNN [10]—and were originally developed and validated on traffic-speed fore-
casting benchmarks, where the graph is unambiguous (physical road connectivity, often 
weighted by distance). Surveys of GNN-based spatio-temporal forecasting [27] note that 
most benchmark applications share this property of a known, externally supplied graph, 
which is a key point of departure for the present study.

GNNs for power systems and load forecasting: GNN-based forecasting has been 
applied to electrical load at building and feeder scale, for example combining graph 
convolution with a recurrent temporal model for residential load forecasting over a 
consumer-similarity graph [11], with recent extensions to multi-bus and substation-scale 
networks [13,16] and to sites with on-site generation [28]; a recent review catalogues a 
broader and growing range of GNN applications across power-system tasks, including 
forecasting, state estimation, and fault diagnosis [12]. Where a network model is available, 
the admittance or line-impedance matrix is a natural, physically grounded adjacency choice 
for power-system applications, as in physics-informed GNNs that reconstruct or directly ex-
ploit line admittance for state and parameter estimation [20,21], echoing physics-informed 
neural network approaches elsewhere in power systems that embed known physical rela-
tionships (e.g., power-flow equations) directly into model structure or loss [22,29]. Unlike 
physics-informed neural networks that embed governing equations directly into the loss 
function or model architecture, the present study uses electrical measurements to con-
struct an impedance-informed adjacency matrix while retaining a conventional data-driven 
forecasting objective. In this setting, no validated network model is available, and the 
effective impedance information must itself be estimated from metering data rather than 
assumed known.

Data-driven graph construction: When topology is unavailable, prior work has most 
commonly built the GNN’s adjacency matrix from statistical association between node 
series—typically Pearson or similar correlation, sometimes combined with a distance or 
threshold criterion, or learned end-to-end as an adaptive graph alongside the forecasting 
model [23,24,30–32]. This approach cannot say why two series are associated—the limitation 
that this paper’s impedance-based construction is designed to address.
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Topology and impedance identification from meter data: Separately from GNN-based 
forecasting, a distinct line of work has shown that unknown low-voltage distribution network 
topology, and in some cases line impedance itself, can be recovered directly from smart-meter 
voltage and current measurements without a maintained network model [33–38]. These 
results establish that the per-edge impedance regression used in this paper (Section 3.3) 
is a physically grounded and independently validated way to recover electrical structure 
from metering data alone, but its use as a basis for constructing GNN adjacency matrices 
for short-term load forecasting has received little attention—the gap this paper addresses.

Heterogeneous-condition and fusion-based forecasting: A related line of recent work 
addresses forecasting under heterogeneous data conditions through fusion rather than 
graph structure: combining multiple sensor modalities or forecasting sub-models to handle 
inter-sensor dependencies and variable operating conditions [39], or fusing multi-source 
meteorological inputs to improve short-term photovoltaic power prediction under vari-
able weather [40]. These approaches target a related but distinct problem—combining 
heterogeneous inputs or model outputs—rather than determining which cross-node re-
lationships should inform a graph-based spatial model, which is the question addressed 
here; the present study’s finding that architecture, not graph choice, explains most of the 
cross-site accuracy difference (Section 5.1) suggests that fusion-based approaches robust to 
heterogeneous conditions may be a productive alternative or complement to graph-based 
spatial modeling at sites like SHIC, where the measured network offers little discriminatory 
structure for a graph to exploit.

Forecast evaluation methodology: Comparative forecasting studies are frequently 
evaluated on a single training run per model, which does not distinguish a genuine accuracy 
difference from noise attributable to random initialization; we follow the more statistically 
conservative practice of multi-seed repetition with paired significance testing in the spirit of 
the Diebold–Mariano framework for comparing predictive accuracy [41] and additionally 
use Granger causality [42] as a descriptive (not merely predictive) tool to characterize the 
temporal structure of inter-node coupling in the raw data, a use distinct from its more 
common role in identifying candidate causal drivers for a forecasting model’s inputs.

Positioning: Relative to this literature, the present study contributes: (i) an impedance-
informed graph construction that requires only PT/CT time series, not a network model, 
and an explicit validation protocol for the resulting impedance estimates in the absence 
of ground truth; (ii) a same-protocol comparison across two real sites with different cor-
relation structure, revealing that graph-based forecasting benefit is site-dependent rather 
than universal—a finding obscured in single-site studies; and (iii) mechanistic validation 
(temporal-coupling and model-sensitivity analysis) of why a graph-based model helps or 
does not, going beyond the aggregate accuracy comparisons that dominate prior work.

3. Materials and Methods
Algorithm 1 summarizes the overall analysis pipeline described in this section, from 

data preprocessing (Section 3.2) through graph construction (Section 3.3), forecasting 
model architectures (Section 3.4), and the training and evaluation protocol (Section 3.5), to 
the mechanistic validation methods (Section 3.6).

3.1. Site Description and Data Acquisition
Data were collected from two industrial facilities, denoted SHIC and YC2, each in-

strumented with multiple potential transformers (PTs; one per metered bus, reporting 
per-phase and average line-to-line voltage) and current transformers (CTs; one or more per 
bus, reporting per-phase current and active/reactive power; where a bus has multiple CT 
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channels—e.g., a main feed plus several sub-loads—their active power, reactive power, and 
average current are summed to a single bus-level value). Table 1 summarizes the two sites.

Algorithm 1.  End-to-End Analysis Pipeline for Impedance-Informed Load Forecasting
   Input: per-bus PT/CT time series {V_b(t), I_b(t), P_b(t), Q_b(t)} for buses b = 1 …N; 
hub bus h
          Output: trained forecasting models; adjacency matrices {A_bin, A_corr, A_imp, 
A_adp}; evaluation metrics; mechanistic-validation diagnostics

          1: X ← Preprocess(raw per-minute PT/CT exports)//device mapping, alignment, 
missing-value handling, resampling (Section 3.2)
          2: (train, val, test) ← ChronologicalSplit(X, 0.70, 0.15, 0.15);
          3: Normalize X using mean/SD computed on X[train] only;
          4: A_bin ← BinaryHubLeaf(bus hierarchy); //data-independent
          5: A_corr ← |PearsonCorr(P_i, P_j)| over X[train], for all bus pairs i, j;
          6: for each leaf bus ℓ ≠ h do
          7:         Fit ΔV_{h,ℓ}(t) = Z_ℓ·I_ℓ(t) + 𝜀(t) by OLS on X[train] (bottom decile of I_ℓ
excluded);
          8:         Record Z_ℓ, R2 _ℓ;
          9: end for
          10: A_imp ← Normalize(1/|Z_ℓ|) for all ℓ;
          11: for each model M ∈ {Persistence, LSTM, ST-GCN(identity, binary, corr, imp, 
adaptive)} do
          12:         for seed s = 1 to 5 do
          13:                 Train M on (X[train], X[val]) with early stopping (patience = 15);
          14:                 if M = ST-GCN(adaptive) then
          15:                         A_adp ← softmax(ReLU(E1 E2 T )), learned jointly with M;
          16:                 end if
          17:                 Evaluate M on X[test] → RMSE, MAE, NRMSE, sMAPE (Section 4.2);
          18:         end for
          19: end for
          20: Test all model pairs: paired t-test on RMSE (5 seeds); apply Bonferroni 
correction, 𝛼/22 (Section 4.10);
          21: Validate A_imp: check sign/magnitude plausibility of each Z_ℓ (Section 4.8);
          22: Compute lagged cross-correlation and Granger causality on ΔP for 
representative bus pairs (Section 4.5);
          23: Compute input-perturbation sensitivity S_{i → j} for LSTM and ST-GCN(imp); 
correlate S with {A_bin, A_corr, A_imp} (Section 4.6);
          24: return trained models, {A_bin, A_corr, A_imp, A_adp}, evaluation metrics, 
validation diagnostics.

Table 1. Site and dataset summary.

Property SHIC YC2

Metered buses (nodes) 6 (A01–A06) 9 (A02, A03, A04, A06–A10, A12)
Hub bus (main feed) A01 A02

On-site generation Rooftop PV; current aggregated at hub meter Rooftop PV at A03
Sampling interval 1 min 1 min

Study period 9 January 2026 to 1 April 2026 (82 days) 19 January 2026 to 10 March 2026
(50 days)

Raw samples per bus ≈118,000 ≈72,000

Missing-data fraction (worst bus) 5.6% 17.6% (A05); 97.2% zero-voltage
(A11, excluded)

Forecast target nodes 6 8 (A03, the PV bus, excluded as a target 
but retained as a graph node)
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Two further buses at YC2 (A01, A05/A11 region) were excluded from the final dataset 
for excessive missingness or a data-quality fault (a near-total zero-voltage fraction, Table 1); 
a third candidate site (denoted DSPM in project records) was excluded entirely because its 
available PT data period did not overlap with the other instrumentation and is earmarked 
as a future third validation site (Section 5.4). At YC2, bus A03 carries the facility’s rooftop 
photovoltaic interconnect; because it represents generation rather than load, it is retained as 
a graph node (its behavior affects neighboring buses’ voltage) but excluded from the set of 
forecast targets and flagged with an is_generation indicator feature (Section 3.2).

3.2. Data Preprocessing Pipeline
Raw per-minute CSV exports from each PT/CT channel were processed through a 

six-stage, site-agnostic pipeline: (1) device/bus mapping extraction from a facility device 
list, associating each PT and its co-located CT channels with a bus identifier; (2) per-bus 
time series loading and alignment; (3) consolidation onto a common minute-resolution 
index spanning each site’s full study period, with a missingness report per bus (Table 1);
(4) cleaning—zero-valued voltage readings (indicating a communication or sensor fault 
rather than a true zero, since these are line-to-line voltages on an energized LV bus) 
are treated as missing, and short gaps (≤5 min) are linearly interpolated; (5) manual, 
site-specific finalization of which bus/period combinations to retain, given the missing-
ness patterns in Table 1; and (6) feature engineering, producing a final per-site tensor 
X ∈ R^(T × N × F) with F = 9 features per bus-timestep: voltage (V), active power (P), 
reactive power (Q), average current (Iavg), a binary is-generation flag, and cyclical hour-of-
day and day-of-week encodings (sine/cosine pairs). Active power P is the forecast target 
feature throughout.

3.3. Graph Construction Methods
Three N × N adjacency matrices were constructed per site, all derived solely from the 

metering data (no topology diagram was available at either site): The hub–leaf representa-
tion follows the available device mapping and metering hierarchy, in which one upstream 
main-feed meter is paired with downstream branch meters. Because a validated single-line 
diagram was unavailable, this representation is treated as a metering-informed structural 
assumption rather than a fully verified feeder topology.

Binary: A_bin connects the hub bus to every leaf bus with weight 1 (0 elsewhere), 
encoding only the assumption that the facility’s internal distribution is a star radiating from 
the main feed, with no leaf–leaf edges and no weighting of hub–leaf edges by strength.

Correlation: A_corr is the absolute Pearson correlation of active power, |r(Pi , Pj )|, 
between every bus pair i, j, computed over each site’s training split only (the same 70% used 
to fit the forecasting models; Section 3.5), to avoid leaking validation/test-period information 
into the graph construction. Unlike the binary graph, this is dense (every pair gets a nonzero 
weight) and requires no assumption about which buses are electrically related, but, as shown 
in Section 4.5, it cannot distinguish genuine short-term electrical/operational coupling from 
two buses simply sharing a production schedule.

Impedance: A_imp estimates an effective voltage-drop impedance proxy |Zeff | between 
the hub and each leaf bus, likewise from the training split only, from the physical relationship

ΔVhub,leaf (t) = Vhub (t) − Vleaf (t) ≈ Zeff ·Ileaf (t)

fit as an ordinary least-squares regression of ΔVhub,leaf  on Ileaf  for each hub–leaf pair, with 
the bottom decile of the current range excluded (voltage-drop signal is unstable at near-zero 
current). Only hub–leaf edges are estimated (a star topology, matching the binary graph’s 
connectivity but not its uniform weight); the resulting |Zeff | values are inverted (1/|Zeff |) and 
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max-normalized to produce an affinity-style edge weight consistent in scale with the other 
two graphs. A negative regression slope is retained as a signed diagnostic (interpreted in 
Section 4.8 as reverse power flow from local generation), but the graph convolution itself, 
like the other two variants, uses the non-negative magnitude. The construction code is 
site-agnostic, parameterized only by the hub and leaf-node lists, and the same procedure 
was applied at both facilities.

The fitted coefficient is interpreted as an effective voltage-drop impedance proxy rather 
than an exact complex line impedance. Because the available measurements use voltage and 
current magnitudes, the regression does not separately identify resistance and reactance or 
explicitly account for the instantaneous power-factor angle. The proxy is therefore used 
only to derive relative electrical affinity for graph construction, and its sign, magnitude, 
and regression fit are evaluated separately for physical plausibility in Section 4.8.

Electrical-distance graph (Section 4.11 only): As an alternative comparison point for 
the leaf–leaf structure, which the hub-and-spoke A_imp cannot represent, we additionally 
define an electrical-distance graph A_ed; hub–leaf edges are identical to A_imp, and each 
leaf–leaf edge (i, j) is weighted by the inverse of the series impedance along the only path 
between them through the hub, 1/(|Z_i| + |Z_j|), using the same training-split |Z| estimates 
as A_imp. Like A_imp, the result is inverted and max-normalized. A_ed is used only for 
the structural comparison in Section 4.11 and was not used to train a forecasting model (see 
that section for the reasoning).

3.4. Model Architectures
LSTM baseline: Input X ∈ R^(B × T × N × F) (batch × 60-min lookback × nodes ×

features) is flattened to R^(B × T × NF) and passed through a 2-layer LSTM (hidden size 
64), and the final timestep’s hidden state is linearly projected to the ntarget  forecast outputs. 
This architecture has no explicit node structure: every node’s features at every timestep are 
concatenated into a single per-timestep vector.

ST-GCN: Each of nblocks = 2 residual blocks applies (i) a temporal 1D convolution 
(kernel size 3, shared across nodes) mapping Fin → h = 32 hidden channels, (ii) a graph 
convolution H′ = ÂHW using the symmetric-normalized adjacency Â = D − 1/2(A + I)D 
− 1/2 (self-loops added, degree-normalized) built once per site/graph-variant and held 
fixed during training, followed by ReLU, and (iii) a second temporal convolution h → h, 
with a linear residual connection when input and output channel counts differ. After the 
final block, the last timestep’s per-node hidden state is linearly projected to a scalar, and 
the target nodes’ scalars are gathered as the model’s ntarget outputs. The adjacency matrix 
is the only difference among the four ST-GCN variants built on this shared backbone—
identity (self-loops only), binary, correlation, and impedance—evaluated in Section 4; all 
other architecture and training settings are identical, isolating the effect of graph choice 
(including the graph-free identity control) from confounding architectural differences.

Self-adaptive ST-GCN: A further model tests whether a fixed, impedance-informed 
graph still adds value once the network is free to learn its own cross-bus relationships. 
Following the self-adaptive graph construction used in Graph WaveNet [24] and re-
lated data-driven graph-learning approaches [23,30–32], the adjacency matrix is replaced 
by one learned end-to-end from the forecasting loss: two node-embedding matrices 
E1 , E2 ∈ R^(N × 10) are initialized randomly and optimized jointly with the rest of the 
network, and the adjacency used at every forward pass is A_adp = softmax(ReLU(E1 E2 T )), 
row-normalized so each node’s outgoing weights sum to one. A_adp is recomputed from 
the current embeddings at every training step, rather than fixed after construction as for 
the other three graphs, and is otherwise substituted directly for Â inside the same block 
structure described above. Because the embeddings start from random initialization with 
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no reference to voltage, current, or correlation, any resemblance A_adp develops to the 
impedance or correlation graphs by the end of training reflects what the forecasting objective 
favors, not something imposed on it.

3.5. Training and Evaluation Protocol
Each site’s tensor is normalized per feature (mean/SD computed on the training 

split only) and split chronologically 70%/15%/15% into training/validation/test segments 
(no shuffling across time, so the test period strictly follows training—appropriate for a 
deployment scenario where the model is trained on past data and evaluated on the future). 
A sliding window of 60 min of input predicts active power 15 min ahead (single-step) at the 
target nodes. Models are trained with Adam (learning rate 1 × 10−3 ) and mean-squared-
error loss for up to 100 epochs with early stopping (patience 15 epochs on validation loss, 
best-validation checkpoint retained). Each of the seven model configurations (persistence; 
LSTM; ST-GCN × {identity, binary, correlation, impedance, adaptive}) is trained at both sites 
with five random seeds (1–5; persistence requires no training) to characterize initialization 
variance; we report mean ± SD across seeds and test pairwise differences with paired t-tests 
on per-seed test RMSE (n = 5; the complete set of comparisons is given in Section 4.10).

Four metrics are reported on the (denormalized) test set: root-mean-square error 
(RMSE) and mean absolute error (MAE) in the same units as active power; normalized 
RMSE (NRMSE; RMSE relative to mean absolute test-period load, as a percentage); and 
symmetric mean absolute percentage error (sMAPE). NRMSE and sMAPE are reported 
alongside RMSE/MAE because plain MAPE is distorted during low-load periods (e.g., 
night shifts, when the denominator approaches zero).

A follow-up hyperparameter screen (Section 4.9) varies ST-GCN hidden width {32, 64} 
× depth {2, 3} and LSTM hidden size {32, 64, 128} × depth {1, 2} (learning rate fixed) with 
one seed per configuration, re-confirming with a full 5-seed run any configuration whose 
single-seed RMSE improves on the default by more than 1%.

3.6. Mechanistic Validation Methods
Beyond aggregate accuracy, three additional analyses test whether the graph-based 

model’s premise and behavior are physically grounded, with results reported in Section 4.
Impedance plausibility (Section 4.8): Each hub–leaf |Zeff | estimate from Section 3.3 

is checked for (i) sign consistency—positive for conventional loads, negative only where 
reverse power flow from local generation is physically expected—and (ii) magnitude plau-
sibility for low-voltage in-plant wiring, in the absence of a single-line diagram to validate 
against directly.

Temporal coupling (Section 4.5): For eight representative bus pairs in total—SHIC 
A01–A02, A01–A04, and A01–A06 (hub–leaf edges spanning the well-fit and anomalous 
cases identified in Section 4.8) and A02–A05 (a non-hub pair included for cross-site balance; 
SHIC’s correlation structure is too uniform, see Section 4.4, for any non-hub pair to stand out 
as specifically “flagged”), and YC2 A02–A12 and A02–A03 (hub–leaf edges) and A06–A07 
and A10–A12 (non-hub pairs flagged by the correlation graph (Section 4.4) as strongly 
associated: r = 0.89 and r = 0.98, respectively)—we compute the lagged cross-correlation 
function (±30 min) of first-differenced active power (isolating short-term fluctuation from 
shared daily/production schedule) and bidirectional Granger causality (lags 1–15 min, 
matching the forecast horizon), testing whether inter-node influence in the raw data shows 
a detectable propagation delay.

Input-perturbation sensitivity (Section 4.6): For the trained LSTM and ST-GCN(impedance) 
models (5 independently trained seeds at each site), each source node’s input active power 
is perturbed by +1 SD (holding all else fixed) and the resulting change in every target 
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node’s forecast is measured, over a sample of test-set windows, producing a source-node ×
target-node “learned sensitivity” matrix per model per seed, averaged across seeds. This 
matrix is compared (Pearson correlation, self-pairs excluded) against each of the three 
adjacency matrices from Section 3.3, testing whether the trained model’s behavior—not 
just its accuracy—reflects the impedance-graph structure it was either given (ST-GCN) or 
not (LSTM).

The analysis workflow, trained-model diagnostic outputs, and scripts underlying 
Sections 3.3–3.6 may be shared through a project repository or by the corresponding author 
where permitted (Data Availability Statement).

4. Results
The results below answer this question in stages. Section 4.2 reports the head-

line result: whether graph structure improves forecasting accuracy, and at which site. 
Sections 4.3 and 4.4 ask why the answer differs by site, using per-node error and the under-
lying correlation structure. Sections 4.5 and 4.6 test whether the trained models actually 
behave in a way consistent with electrical coupling, using temporal-coupling and input-
perturbation analyses. Section 4.7 checks the stability of training across seeds, Section 4.8 
evaluates whether the impedance graph itself is physically plausible, and Section 4.9 repeats 
the main comparison under alternative hyperparameters. Section 4.10 summarizes the statis-
tical testing behind these results, and Section 4.11 asks whether a fixed impedance-informed 
graph is still necessary once the model is allowed to learn on its own.

4.1. Experimental Setup
For both sites, minute-resolution active power (P), reactive power (Q), voltage (V), 

and average current (I_avg) at each bus were assembled into a single feature tensor and 
split chronologically into training (70%), validation (15%), and test (15%) segments—no 
shuffling across time, so the test period strictly follows the training period. Inputs use a 
60 min lookback window to predict active power 15 min ahead (single-step). All models 
were trained with the Adam optimizer (learning rate 1 × 10−3 ) and mean-squared-error 
loss for up to 100 epochs with early stopping (patience = 15 epochs on validation loss). 
To account for initialization variance, each site/model configuration was trained with five 
random seeds (1–5); we report the mean ± SD across seeds and assess pairwise differences 
against the LSTM baseline with a paired t-test on per-seed test RMSE (n = 5).

Seven models are compared per site: a naive persistence baseline (the most recently 
observed value, carried forward to the forecast horizon), an LSTM baseline (flattened 
node × feature input, no explicit spatial structure), and five ST-GCN variants sharing the 
same temporal-convolution backbone that differ only in the adjacency matrix used for 
graph convolution—identity (self-loops only, i.e., no cross-node information reaches the 
model, isolating the architecture’s own contribution), binary (hub–leaf connectivity only), 
correlation (|Pearson r| of active power between bus pairs, computed on the training split 
only), impedance (weights derived from a per-edge regression of the hub–leaf voltage 
difference on leaf current, also computed on the training split only; see Sections 3.3 and 4.8), 
and self-adaptive (a graph learned end-to-end from the forecasting objective; Section 3.4). 
Figure 1 shows all three graphs for both sites as node–edge networks; the impedance graph 
is visibly sparser and more differentiated than the correlation graph, particularly at SHIC 
(Section 4.4). These are drawn in the style of a single-line diagram: the square busbar with 
an incoming arrow marks the hub bus (point of common coupling with the grid), the open 
triangle marks on-site generation (YC2, node A03), and filled circles mark other metered 
buses; line width scales with graph weight.
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Figure 1. Adjacency graphs used for graph convolution: binary, correlation, and impedance networks. 
(a) SHIC; (b) YC2.

4.2. Load Forecasting Performance
Table 2 summarizes test-set RMSE, MAE, normalized RMSE (NRMSE, relative to 

mean absolute load), and symmetric MAPE for both sites. NRMSE/sMAPE are reported 
alongside RMSE/MAE because plain MAPE is distorted during low-load periods (e.g., 
night shifts) when the denominator approaches zero.

Table 2. Test-set forecasting error by model and site.

Site Model RMSE MAE NRMSE (%) sMAPE (%)

SHIC Persistence 11.11 ± 0.00 6.33 ± 0.00 5.33 ± 0.00 3.31 ± 0.00
SHIC LSTM 9.46 ± 0.10 5.76 ± 0.17 4.54 ± 0.05 3.35 ± 0.18
SHIC ST-GCN (identity) 10.18 ± 0.05 6.24 ± 0.10 4.89 ± 0.02 3.67 ± 0.21
SHIC ST-GCN (binary) 10.25 ± 0.13 † 6.29 ± 0.13 4.92 ± 0.06 3.76 ± 0.19
SHIC ST-GCN (correlation) 10.30 ± 0.10 † 6.38 ± 0.11 4.95 ± 0.05 3.81 ± 0.16
SHIC ST-GCN (impedance) 10.18 ± 0.09 † 6.23 ± 0.04 4.89 ± 0.04 3.75 ± 0.25
SHIC ST-GCN (adaptive) 10.15 ± 0.05 † 6.29 ± 0.11 4.87 ± 0.02 3.77 ± 0.28
YC2 Persistence 12.68 ± 0.00 3.40 ± 0.00 44.87 ± 0.00 9.75 ± 0.00
YC2 LSTM 14.50 ± 1.53 6.65 ± 0.60 51.30 ± 5.41 50.81 ± 1.93
YC2 ST-GCN (identity) 11.77 ± 0.13 4.70 ± 0.50 41.67 ± 0.46 45.04 ± 5.26
YC2 ST-GCN (binary) 11.99 ± 0.21 5.01 ± 0.21 42.42 ± 0.76 48.32 ± 1.38
YC2 ST-GCN (correlation) 12.00 ± 0.14 † 5.14 ± 0.25 42.48 ± 0.49 46.92 ± 1.71
YC2 ST-GCN (impedance) 11.57 ± 0.06 † 4.74 ± 0.21 40.95 ± 0.20 44.34 ± 1.24
YC2 ST-GCN (adaptive) 11.56 ± 0.15 4.74 ± 0.30 40.89 ± 0.52 46.27 ± 4.20

Values marked with † reflect a value that changed from the previous submission: SHIC 
binary/correlation/impedance/adaptive and YC2 correlation/impedance. Correlation and 
impedance changed because both graphs are now reconstructed from the training split 
only (Sections 3.3 and 4.8); LSTM, identity, binary, adaptive, and persistence use the same 
methodology as before, but the entire experiment matrix (all seven models, both sites, 
and five seeds) was retrained from scratch for this revision, and GPU training is not bit-
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for-bit-reproducible across runs even with the same random seed, so binary and adaptive 
at SHIC also show small changes that reflect ordinary retraining variability rather than a 
methodology change. At YC2, this same retraining variability happened to round to the 
values already reported for LSTM, identity, binary, and adaptive; correlation and impedance 
are true methodology changes (training-split graphs) whose resulting accuracy happens to 
be numerically close to the previous values at the reported precision (Section 4.8 gives the 
full-precision comparison and the per-edge graph changes that produced it).

Values in bold mark the best-performing model per site per metric.
At SHIC, the LSTM baseline achieves the lowest RMSE, and every ST-GCN variant 

is significantly worse by a paired t-test on RMSE, surviving Bonferroni correction for the 
m = 22 comparisons reported in Section 4.10 (binary: t = −7.43, p = 0.0017; correlation:
t = −11.64, p = 0.0003; impedance: t = −9.75, p = 0.0006; self-adaptive: t = −10.70,
p = 0.0004; identity: t = −10.34, p = 0.0005; n = 5 seeds). Critically, the identity variant—ST-
GCN with no cross-node information at all—performs statistically indistinguishably from 
the impedance-informed graph (RMSE 10.18 ± 0.05 vs. 10.18 ± 0.09; t = −0.03, p = 0.98), so 
none of the ST-GCN family’s shortfall at SHIC is attributable to a specific choice of graph: 
the architecture itself, independent of graph structure, is simply less accurate than the LSTM 
at this site. At YC2, the pattern reverses at the conventional 𝛼 = 0.05 level: every ST-GCN 
variant outperforms the LSTM baseline (binary: t = 3.32, p = 0.029; correlation: t = 3.14,
p = 0.035; impedance: t = 3.86, p = 0.018; self-adaptive: t = 3.66, p = 0.022; identity: t = 3.74, 
p = 0.020), though none of these five comparisons survives the stricter Bonferroni-corrected 
threshold (Section 4.10). The impedance-weighted graph gives among the largest and most 
consistent improvements—a 20.2% RMSE reduction and a 28.7% MAE reduction over the 
LSTM baseline (13.1% RMSE reduction relative to a tuned LSTM, Section 4.9), with the 
lowest seed-to-seed variance of any model at either site (RMSE SD = 0.06, versus 1.53 for 
LSTM at the same site)—and it significantly outperforms the binary and correlation graphs 
at the uncorrected level (t = 4.32, p = 0.012 and t = 4.49, p = 0.011, respectively; neither 
survives Bonferroni correction). It is statistically indistinguishable from the self-adaptive 
graph (Section 4.11). Unlike at SHIC, however, the identity control shows that much of 
this advantage is architectural rather than graph-specific: ST-GCN(identity) alone already 
reaches RMSE 11.77 ± 0.13 at YC2, an 18.8% reduction over LSTM by itself, and the further 
improvement from adding the impedance graph (11.77 → 11.57, 1.7%) is not statistically sig-
nificant (t = 2.58, p = 0.061). We return to this decomposition—how much of the YC2 result 
is “any ST-GCN architecture” versus “specifically the impedance graph”—in Section 5.1. 
Table 2 also reports a naive persistence baseline: the untuned LSTM is in fact slightly worse 
than persistence at YC2 (14.50 vs. 12.68 RMSE), consistent with the overfitting visible in the 
training-loss curves (Section 4.7), whereas every ST-GCN variant, including the graph-free 
identity control, outperforms persistence there (11.56–11.99 vs. 12.68); at SHIC, LSTM 
has the largest margin over persistence of any model (9.46 vs. 11.11). Figure 2 shows the 
mean ± SD comparison for both sites; Figure 3 shows the full per-seed distribution, which 
makes the LSTM instability at YC2 (one seed reaching RMSE = 17.5, Figure 3) visually 
apparent alongside the tight clustering of the impedance-graph runs.

The comparatively high NRMSE and sMAPE values at YC2 can be amplified by fre-
quent low-load intervals and substantial differences in load magnitude across target nodes. 
Accordingly, the absolute normalized errors should be interpreted together with RMSE 
and MAE, while the model-to-model comparison remains informative because all methods 
are evaluated on an identical chronological test set. A related caveat applies to Table 2’s 
bold markings: naive persistence attains the lowest MAE and sMAPE at YC2, and the 
lowest sMAPE at SHIC, despite having the worst or near-worst RMSE at both sites. A 
forecast that simply repeats the last observed value neither over- nor under-shoots sys-
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tematically and rarely produces a large single-step miss in relative terms, which keeps its 
typical (MAE and sMAPE) error small, but it also cannot anticipate the load changes that 
occasionally produce the large absolute errors RMSE penalizes most heavily. We therefore 
treat RMSE, used throughout the significance testing in Sections 4.2 and 4.10, as the primary 
comparison metric, and report MAE/NRMSE/sMAPE for completeness rather than as 
independent rankings.

Figure 2. Test RMSE by model at each site (mean ± SD, n = 5 seeds). (a) SHIC; (b) YC2. * p < 0.05 
(uncorrected); ** significant after Bonferroni correction (paired t-test vs. LSTM, RMSE across 5 seeds; 
Section 4.10).

Figure 3. Per-seed test RMSE distributions by model at each site. (a) SHIC; (b) YC2. Italic “tuned” 
boxes use the best screened hyperparameters (Section 4.9) and sit immediately right of their de-
fault counterpart.

Table 2 also reports the persistence and identity controls and the self-adaptive model, 
ST-GCN (adaptive), all already discussed above; Section 4.11 examines the self-adaptive 
model further, including whether the graph it learns resembles the impedance graph.

4.3. Node-Level Forecasting Error and Example Forecasts
The site-level result in Section 4.2 could come from a uniform shift at every node or 

from a few strongly affected ones; distinguishing these matters for understanding why 
the graph helps where it does. Table 2 aggregates error over all target nodes; Figure 4 
breaks test RMSE down per node for the LSTM and ST-GCN (impedance) models, aver-
aged over all five seeds. The per-node pattern is uneven rather than a uniform shift. At 
SHIC, ST-GCN is slightly worse than LSTM at every node, matching the site-level result. 
At YC2, the aggregate RMSE advantage is concentrated at a subset of nodes rather than 
uniform and is not even in ST-GCN’s favor everywhere at the per-node level: the largest 
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reductions appear at A08 (RX gas-reformer node; LSTM 12.63 → ST-GCN 4.34, a 65.6% 
reduction) and A06 (3.62 → 1.33, 63.3%), with moderate reductions at A10, A12, and A09 
(36–48%) and a modest reduction at the hub node A02 itself (36.57 → 30.63, 16.2%); at 
A04 and A07, however, ST-GCN is worse per-node than LSTM (8.74 vs. 8.84, and 1.98 
vs. 2.67, respectively). A07’s hub edge is among the least reliable in the training-split 
impedance regression (R2  = 0.02, Section 4.8), consistent with an unreliable edge weight 
actively hurting rather than merely failing to help there, but A04’s edge fit is unremarkable
(R2  = 0.62), so its per-node shortfall is not fully explained by edge quality alone. The aggre-
gate RMSE advantage at YC2 therefore comes from large gains at a subset of high-magnitude 
nodes, not a uniform improvement everywhere.

Figure 4. Per-node test RMSE for LSTM and ST-GCN(impedance). (a) SHIC; (b) YC2. Bars show the 
mean over 5 seeds.

Figure 5 shows example 15 min ahead forecasts against an observed load for a repre-
sentative node at each site over a multi-day window drawn from the held-out test period. 
Both models track the dominant diurnal/operational pattern closely; the visually clearest 
divergence is at YC2 in the later part of the window, where the LSTM forecast drifts upward 
relative to the observed load, while ST-GCN(impedance) continues to track it—the same 
instability quantified in Section 4.7.

4.4. Site-Dependent Effectiveness of Graph Structure
The opposite outcomes at SHIC and YC2 trace back to how informative the graph 

topology is at each site. Figure 6 shows why: the pairwise correlation of active power across 
buses is nearly uniform at SHIC (|r| = 0.94–0.99 across all bus pairs) but highly variable at 
YC2 (|r| = 0.02–0.98). A near-uniform correlation structure gives graph convolution little 
to work with—every node looks like every other node’s neighbor—so at SHIC, imposing 
any of the three graph structures adds inductive bias without adding useful signal, while a 
model with no spatial constraint (LSTM) is free to fit whatever cross-node dependencies 
exist in the flattened input. At YC2, inter-bus relationships are heterogeneous, so a graph 
that correctly encodes which buses are electrically related lets the model share information 
efficiently across neighbors. Both lower error and markedly lower seed-to-seed variance 
follow from that.
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Figure 5. Observed vs. forecast active power for a representative node. (a) SHIC; (b) YC2. Shown for 
a single representative seed (seed 1); quantitative comparisons elsewhere use all 5 seeds.

Figure 6. Pairwise correlation of active power between buses. (a) SHIC; (b) YC2.

4.5. Temporal Coupling Between Metered Buses
Section 4.4 shows that graph structure helps where inter-bus correlation is heteroge-

neous; this leaves open a mechanistic question, whether the coupling that makes the graph 
useful is contemporaneous or lagged, and thus whether a spatial graph is even the right 
kind of model to use. The motivation for a graph-structured model is the premise that a 
change at one bus propagates, electrically or operationally, to others—the same reasoning 
behind treating road segments as a graph for traffic forecasting. That premise has a testable 
implication: if node A’s load change drives node B’s, the effect should be detectable at some 
positive lag in B relative to A. We tested this directly on the first-differenced active power se-
ries (ΔP, which isolates short-term fluctuations from the shared daily/production schedule) 
via lagged cross-correlation (±30 min) and Granger causality (lags 1–15 min, matching the 
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forecast horizon) for the eight representative bus pairs listed in Section 3.6 (five hub–leaf 
edges and three non-hub pairs, chosen to span well-fit and anomalous impedance edges 
and, where available, strongly correlated non-hub pairs).

Contrary to the traffic-propagation framing, the cross-correlation peaks at lag 0 for 
seven of the eight pairs (Figure 7); the one exception (SHIC A02–A05) peaks at 1 min 
with a correlation too small (r = 0.07) to distinguish from noise. At minute resolution, 
coupling between buses is essentially contemporaneous rather than lagged. This behavior 
differs fundamentally from transportation networks, in which spatial interactions can be 
associated with observable propagation delays. This is not a negative result for the graph-
based approach: it is precisely why a spatial graph convolution (which mixes information 
across nodes within the same timestep) is the appropriate architecture, rather than a model 
that searches for a fixed inter-node lag. Granger causality tests were significant in both 
directions for every well-correlated pair (p < 0.05, often ≪10−10 ). Combined with the 
zero-lag peak, this fits genuine mutual, simultaneous coupling through a shared electrical 
bus rather than a sequential, one-directional cause-then-effect chain. Given the sample sizes 
involved (n > 60,000 min per site), these p-values are best read as confirming detectable 
association, not as evidence for one direction over the other.

Figure 7. Cross-correlation of active power fluctuations for representative bus pairs. (Top) SHIC; 
(bottom) YC2.

A second, unplanned finding refines the site-dependent story from Section 4.4. YC2’s 
A10–A12 pair has a very high raw-level correlation (r = 0.98, Figure 6), but its short-
term fluctuation correlation collapses to r = 0.08 at lag 0 (Figure 7)—the two buses track 
the same production schedule but do not move together minute-to-minute. A06–A07, 
by contrast, is strongly correlated in both the raw level (r = 0.89) and the fluctuation
(r = 0.95): a genuinely tight short-term coupling, not just a shared schedule. Because 
the correlation-graph construction (Section 3.3) uses raw P levels, it cannot distinguish 
these two cases—it would treat A10–A12 as at least as strongly connected as A06–A07, 
when only the latter reflects real-time electrical/operational coupling. This is an additional, 
independent argument for preferring the impedance graph over the correlation graph: 
impedance is estimated from the physical voltage–current relationship and is not affected 
by two buses happening to follow the same production schedule.

https://doi.org/10.3390/en19215255

https://doi.org/10.3390/en19215255


Energies 2026, 19, 5255 16 of 30

4.6. Consistency Between Learned Sensitivity and Graph Structure
Section 4.5 establishes that inter-node coupling in the raw data is contemporane-

ous. This section asks the complementary question: given that, does the trained ST-GCN 
actually route information along the physical (impedance) graph, or could an unstruc-
tured model learn the same behavior on its own? For each trained model (LSTM and 
ST-GCN(impedance), five independently trained seeds per site), we perturbed each source 
node’s input P by +1 SD (holding all else fixed) and measured the resulting change in 
every target node’s 15 min ahead forecast, producing a source-node × target-node “learned 
sensitivity” matrix per seed; the seed-averaged matrix (Figures 8 and 9 also report the 
seed-to-seed SD) was then correlated (Pearson r, self-pairs excluded) against each of the 
three adjacency matrices.

Figure 8. Input-perturbation sensitivity network for LSTM and ST-GCN(impedance). (a) SHIC; (b) YC2.
Edge weights are the mean sensitivity over 5 independently trained seeds. Arrow thickness scales 
with sensitivity magnitude.

The contrast is stark (Figure 8). LSTM’s sensitivity network is dense and tangled: 
perturbing almost any node sends a visible arrow to almost every other node, with no 
consistent direction, most strongly through whichever bus happens to carry the largest 
share of total load (A01 at SHIC, A02 at YC2)—a plausible but graph-agnostic “the biggest 
node matters most” heuristic learned from the flattened input. ST-GCN(impedance)’s 
sensitivity network, by contrast, is sparse and almost entirely self-referential: perturbing 
node i mostly changes only node i’s own forecast (shown as a filled ring), with the one 
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consistent set of arrows running to and from the hub—exactly the star topology of the 
impedance graph, which by construction only assigns nonzero weight to hub–leaf edges 
(Section 3.3), never leaf–leaf. Figure 9 quantifies this: ST-GCN(impedance)’s sensitivity 
correlates with the impedance matrix at r = 0.93 (SHIC) and r = 0.77 (YC2), in both cases 
its highest correlation with any of the three graphs and well above LSTM’s correlation with 
the same impedance matrix (r = 0.22 at SHIC, r = 0.48 at YC2).

Figure 9. Correlation between learned sensitivity and graph structure. (a) SHIC; (b) YC2. Computed 
from the 5-seed-averaged sensitivity matrices in Figure 8.

One caveat is worth flagging before reading too much into this: ST-GCN’s forward 
pass computes its output directly as a function of the impedance matrix, so some alignment 
is guaranteed by construction, not discovered—the model cannot propagate information 
along an edge the graph does not have. The informative part is what is not guaranteed: 
the graph convolution’s learned weights and the temporal convolution could in principle 
have suppressed or distorted that structure (e.g., converging to near-uniform attention 
that ignores edge weights), and they did not—the star pattern from Figure 1 survives 
intact through training. The LSTM side of the comparison is just as telling: with no graph 
supplied, its implicit sensitivity pattern is weaker, more diffuse, and inconsistent across 
sites—best aligned with the correlation graph at SHIC but the binary graph at YC2. An 
unstructured model, in other words, does not spontaneously recover the same physically 
grounded, hub-centric propagation structure that ST-GCN is given directly. Together with 
the contemporaneous-coupling finding of Section 4.5, this supports the paper’s central 
claim in the form the data actually allow: nodes on the same electrical bus move together 
within the same timestep. Supplying that structure explicitly, as the impedance graph does, 
yields a model whose internal behavior—not just its aggregate accuracy—reflects it; an 
architecture without that prior does not reliably discover it on its own.

4.7. Training Dynamics and Model Stability
The high seed-to-seed variance of LSTM at YC2 (Section 4.2, RMSE SD = 1.53 vs. 0.06 

for ST-GCN(impedance)) is visible not only across seeds but within individual training runs. 
Figure 10 plots training and validation loss by epoch for a representative run of each model 
at each site. At SHIC, both models show validation loss stabilizing within roughly 10 epochs 
with no divergence from the training curve. At YC2, the LSTM’s validation loss rises steadily 
from its very first epoch even as training loss keeps falling—a classic overfitting signature—
triggering early stopping at epoch 16; the ST-GCN(impedance) run at YC2 shows a milder 
version of the same pattern (validation loss drifts upward after its epoch-5 minimum) but 
degrades far less before stopping. This pattern points to a possible regularizing effect of 
the graph structure at YC2. Constraining the model to route information only through 
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physically meaningful edges seems to limit how much it can overfit the idiosyncrasies of 
any single training run—a plausible partial explanation for both the lower RMSE and the 
much tighter seed-to-seed spread ST-GCN(impedance) shows in Figure 3b.

Figure 10. Training and validation loss by epoch. (a) SHIC—LSTM; (b) SHIC—ST-GCN(impedance); 
(c) YC2—LSTM; (d) YC2—ST-GCN(impedance). The dotted vertical line marks the early-stopping 
checkpoint (best validation-loss epoch). Shown for a single representative seed (seed 1) per 
site/model.

4.8. Physical Plausibility of the Impedance-Informed Graph
Because no single-line diagram was available for either site, we validate the impedance 

estimates indirectly: for each hub–leaf edge, |Zeff | is estimated as the slope of a linear re-
gression of the hub–leaf voltage difference on leaf current (bottom 10% of the current range 
excluded as unstable), and we check (i) sign consistency—positive for conventional loads, 
negative only where reverse power flow from local generation is physically expected—
and (ii) whether the magnitude falls in a plausible range for low-voltage in-plant wiring 
(mΩ–hundreds of mΩ, given the measured hub voltages of ~377–390 V line-to-line, consis-
tent with a 380 V LV distribution system).

At YC2, the A02–A03 edge (A03 is the site’s rooftop solar interconnect) is the only 
negative estimate over the full study period (Z = −0.0097 Ω, R2  = 0.79) among eight edges—
consistent with the presence of reverse power flow from local generation; all others are 
positive over the full period, with R2  = 0.55–1.00 and |Z| in the 3–96 mΩ range. Restricted to 
the training split only (the graph actually used throughout this paper; Sections 3.3 and 4.8), 
a second edge, A02–A06, also becomes negative (training-split Z = −0.062 Ω vs. full-period 
+0.051 Ω), with its fit collapsing at the same time (R2  = 0.14 vs. 0.71); unlike A02–A03, 
this sign flip is not attributable to known local generation, and Table 3 below reports both 
periods for every edge at both sites so the distinction between the two is unambiguous. 
Because the regression uses voltage and current magnitudes, however, the negative slope 
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should not be interpreted as a direct measurement of the sign of a complex line impedance; 
it is used here as a diagnostic of the effective voltage-drop relationship.

Table 3. Hub–leaf impedance regression by period: full study period vs. training split only.

Site Edge Z_Full (𝛀) R2 _Full Z_Train (𝛀) R2 _Train

SHIC A01–A02 +0.0060 0.35 +0.0064 0.63
SHIC A01–A03 +0.0051 0.29 +0.0062 0.61
SHIC A01–A04 +0.0100 0.88 +0.0083 0.73
SHIC A01–A05 +0.0177 0.57 +0.0046 0.18
SHIC A01–A06 −0.0013 0.18 −0.0009 0.05
YC2 A02–A03 −0.0097 0.79 −0.0097 0.79
YC2 A02–A04 +0.0032 0.56 +0.0034 0.62
YC2 A02–A06 +0.0507 0.70 −0.0623 0.14
YC2 A02–A07 +0.0254 0.55 +0.0043 0.02
YC2 A02–A08 +0.0427 0.98 +0.0429 0.94
YC2 A02–A09 +0.0512 0.97 +0.0550 0.97
YC2 A02–A10 +0.0955 0.97 +0.0950 0.97
YC2 A02–A12 +0.0426 0.99 +0.0428 1.00

Two further checks address how much these estimates depend on specific analysis 
choices. First, because the graphs above were originally estimated from the full study 
period, we re-estimated every edge using only the training split (the same 70% used to fit 
the forecasting models; Section 3.5) to rule out validation/test-period information leaking 
into the graph construction; Table 2 and all forecasting results in this paper now use these 
training-split-only graphs throughout. Most edges are stable under this restriction (SHIC: 
maximum change in normalized edge weight ≤ 0.12; YC2: ≤0.66), but two are not: YC2’s 
A02–A06 edge changes sign (training-only Z = −0.062 Ω vs. full-period +0.051 Ω) and 
its fit quality collapses (R2  = 0.14 vs. 0.71), and SHIC’s A01–A05 edge similarly degrades 
(R2  = 0.18 vs. 0.57). Both were already among the lower-R2  edges in the full-period 
estimate, so we read this as confirming, rather than contradicting, that low-R2  edges are 
unreliable and should not be treated as precise electrical estimates—a limitation of the 
regression itself, not of restricting it to the training split. Second, because the analysis 
above uses only the current magnitude, we also tested separating resistive and reactive 
components by regressing the voltage difference on both active- and reactive-power-derived 
current terms (a linearized DistFlow-style approximation, ΔV ≈ (R·P + X·Q)/V). The 
resulting |Z| estimates agree closely with the magnitude-only estimates for well-fit edges 
(e.g., YC2 A02–A12: 0.043 Ω vs. 0.043 Ω; A02–A09: 0.057 Ω vs. 0.055 Ω) and, for one 
edge, fit distinctly better (SHIC A01–A04: R2  improves from 0.73 to 0.95, suggesting a 
non-negligible reactive contribution there); for the already-poor edges (A01–A05/A06 and 
A02–A06/A07), separating R and X does not rescue the fit (R2  remains ≤0.14), consistent 
with these reflecting a genuine measurement or topology confound rather than an artifact 
of the magnitude-only simplification. We therefore retain the simpler magnitude-only |Zeff | 
for the main graph construction, since it is adequate for the well-behaved majority of edges 
and the R/X-separated model does not change which edges are unreliable. As a further 
robustness check, we retrained ST-GCN on a version of the impedance graph that excludes 
any edge with training-split R2  < 0.3 (SHIC: excluding A01–A05 and A01–A06, leaving 
three of five hub–leaf edges; YC2: excluding A02–A06 and A02–A07, leaving six of eight) 
and re-normalizing the remainder. This “robust” variant gives RMSE 10.15 ± 0.11 at SHIC, 
statistically indistinguishable from the standard impedance graph (10.18 ± 0.09; t = 0.42,
p = 0.70), and 11.74 ± 0.18 at YC2, numerically worse than the standard impedance graph 
(11.57 ± 0.06; t = −2.10, p = 0.10, not significant). Excluding low-R2  edges therefore does 
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not reliably improve, and at YC2 numerically worsens, forecasting accuracy; we read this as 
showing that a low-quality regression fit does not straightforwardly translate into a harmful 
graph edge for message passing, so we report this comparison transparently rather than 
adopting R2 -based exclusion as the default graph construction.

At SHIC, four of five edges are similarly well-behaved (positive, R2  = 0.36–0.88, 
|Z| = 6–18 mΩ), but the A01–A06 edge is anomalous, being negative (Z = −0.0013 Ω) 
with a poor fit (R2  = 0.18), and the A01–A03 edge also has a low R2  (0.29) despite a 
plausible-looking magnitude. Cross-referencing the facility device map indicates that un-
like YC2, where solar generation is metered as its own bus (A03), SHIC’s hub bus (A01) 
itself aggregates a “main” CT channel and a rooftop solar CT channel into a single node. 
The hub voltage/current used as the regression’s reference is therefore not a clean grid-side 
measurement—it is contaminated by solar-generation variability that is uncorrelated with 
the leaf-side load current, which degrades the impedance regression for edges away from 
the hub and is a plausible contributor to the impedance graph’s lack of benefit at SHIC 
(Section 4.2). We flag this as a data-construction limitation specific to SHIC’s metering 
topology rather than a general weakness of the impedance-estimation method and rec-
ommend it as a caveat in the Section 5.5 (Limitations). Figure 11 shows representative 
regression fits for both well-fit edges (YC2 A02–A03, A02–A12; SHIC A01–A04) and the 
anomalous SHIC A01–A06 edge. Detailed per-edge diagnostic results are available from 
the corresponding author where permitted.

Figure 11. Representative hub–leaf impedance regressions. (a) YC2 A02–A03; (b) YC2 A02–A12;
(c) SHIC A01–A04; (d) SHIC A01–A06.
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4.9. Hyperparameter Sensitivity
The site-dependent result of Section 4.2 could in principle be an artifact of a single, 

arbitrarily chosen network size rather than a genuine property of the data. We checked this 
by screening ST-GCN hidden width {32, 64} × depth {2, 3} and LSTM hidden size {32, 64, 
128} × depth {1, 2} (learning rate fixed at 1 × 10−3 ) with a single seed per configuration and 
re-confirmed with a full five-seed run any configuration whose single-seed RMSE improved 
on the default (hidden width/size 32/64, depth 2) by more than 1%. Table 4 reports the 
four configurations that met this bar.

Table 4. Best screened hyperparameters vs. default.

Site Model Default RMSE Tuned RMSE Best Config P (Tuned vs. Default)

SHIC LSTM 9.46 ± 0.10 9.31 ± 0.15 Hidden = 128, layers = 1 0.065
SHIC ST-GCN (impedance) 10.18 ± 0.09 10.11 ± 0.06 Width = 32, depth = 3 0.275
YC2 LSTM 14.50 ± 1.53 13.31 ± 0.68 Hidden = 32, layers = 1 0.234
YC2 ST-GCN (correlation) 12.00 ± 0.14 11.88 ± 0.09 Width = 32, depth = 3 0.268

In every case, the tuned configuration’s mean RMSE is lower than the default (and, 
for YC2 LSTM, the seed-to-seed SD roughly halves—1.53 → 0.68, which is itself consistent 
with the overfitting behavior discussed in Section 4.7), but none of the four differences 
reach significance at 𝛼 = 0.05 with only five seeds (p = 0.065–0.275). We read this as a 
directionally consistent but statistically inconclusive effect: a smaller, shallower LSTM 
and a deeper (three-block) ST-GCN each modestly help, but larger capacity is not the 
primary driver of the SHIC/YC2 divergence reported in Section 4.2—no tuned configuration 
closes the gap between LSTM and ST-GCN at either site, or reverses which model wins. 
Detailed screening and confirmation outputs are available from the corresponding author 
where permitted. The remaining eight site/model combinations showed <1% single-seed 
improvement across the grid and were not re-confirmed; notably, ST-GCN(impedance) at 
YC2—the paper’s headline result—was among them (screened improvement = −0.3%), so 
Table 2’s reported impedance-graph result already reflects the better of the two settings. 
This hyperparameter screen was performed before the training-split-only graph correction 
described in Section 4.8; Table 4’s Default RMSE column has been updated to match Table 2’s 
corrected values, but the screen itself was not rerun on the corrected graphs. Because that 
correction changed forecasting accuracy only marginally overall (Section 4.8), we expect 
the qualitative conclusion here—tuning helps modestly but does not reverse which model 
wins at either site—to still hold, though this was not re-verified directly.

4.10. Statistical Significance Summary
Reported p-values (Section 4.2) are from a paired t-test on RMSE across the five shared 

random seeds. Table 5 reports all 22 comparisons performed in this study (11 per site): 
every ST-GCN variant (binary, correlation, impedance, self-adaptive, and identity) against 
LSTM; impedance against binary, correlation, and identity; self-adaptive against identity; 
and both impedance and LSTM against the naive persistence baseline. Because 22 tests are 
performed on the same seed set, we apply a Bonferroni correction (𝛼 = 0.05/22 = 0.0023) 
in addition to the uncorrected α = 0.05 threshold. At SHIC, all five “ST-GCN vs. LSTM” 
comparisons, including identity, survive Bonferroni correction (p ≤ 0.0017), as do LSTM vs. 
persistence and impedance vs. persistence (both p < 0.0001); impedance is not significantly 
different from binary, correlation, or identity at SHIC even before correction, nor is adaptive 
significantly different from identity (p = 0.48). At YC2, the five “ST-GCN vs. LSTM” 
comparisons (including identity, p = 0.020) and the impedance-vs.-binary/correlation 
comparisons are significant at the uncorrected 𝛼 = 0.05 level (p = 0.011–0.035), but none 

https://doi.org/10.3390/en19215255

https://doi.org/10.3390/en19215255


Energies 2026, 19, 5255 22 of 30

survives Bonferroni correction; impedance vs. persistence survives at YC2 (p < 0.0001), 
but LSTM vs. persistence does not reach even the uncorrected threshold (p = 0.076) and 
is numerically in LSTM’s disfavor (mean RMSE 14.50 vs. 12.68). The correct statement is 
therefore that every ST-GCN variant, but not LSTM itself, reliably beats the naive persistence 
forecast at YC2; an earlier version of this section incorrectly extended that claim to LSTM, 
which we have corrected. Neither adaptive-vs.-identity comparison is significant at either 
site (SHIC p = 0.48, YC2 p = 0.15), reinforcing Section 5.1’s conclusion that a graph learned 
from data does not measurably outperform no graph at all once the ST-GCN architecture is 
in place. We report both thresholds throughout rather than treating only one as definitive: 
given the small sample (n = 5 seeds) and the number of comparisons, the uncorrected 
p-values are best read as evidence of a consistent direction of effect within each site, while 
the Bonferroni-surviving comparisons are the more conservative, higher-confidence claims. 
A Diebold–Mariano test on per-timestep forecast residuals, or a block-bootstrap confidence 
interval on the test-period forecast errors, would provide a complementary and likely 
more powerful test of predictive accuracy; because the present manuscript reports seed-
level aggregate errors, this analysis is identified as future statistical validation rather than 
claimed here.

Table 5. Complete pairwise significance testing (paired t-test on RMSE, 5 seeds; all 22 comparisons, 
both sites).

Site A B t p Sig.
(Bonferroni) Better

SHIC Binary LSTM −7.434 0.0017 Yes LSTM
SHIC Correlation LSTM −11.644 0.0003 Yes LSTM
SHIC Impedance LSTM −9.749 0.0006 Yes LSTM
SHIC Adaptive LSTM −10.698 0.0004 Yes LSTM
SHIC Identity LSTM −10.343 0.0005 Yes LSTM
SHIC Impedance Binary +0.717 0.5128 No Impedance
SHIC Impedance Correlation +2.003 0.1157 No Impedance
SHIC Impedance Identity −0.028 0.9793 No Identity
SHIC Adaptive Identity +0.784 0.4767 No Adaptive
SHIC Impedance Persistence +20.305 0.0000 Yes Impedance
SHIC LSTM Persistence +31.878 0.0000 Yes LSTM
YC2 Binary LSTM +3.322 0.0293 No Binary
YC2 Correlation LSTM +3.135 0.0350 No Correlation
YC2 Impedance LSTM +3.864 0.0181 No Impedance
YC2 Adaptive LSTM +3.662 0.0215 No Adaptive
YC2 Identity LSTM +3.742 0.0201 No Identity
YC2 Impedance Binary +4.324 0.0124 No Impedance
YC2 Impedance Correlation +4.485 0.0109 No Impedance
YC2 Impedance Identity +2.580 0.0613 No Impedance
YC2 Adaptive Identity +1.755 0.1542 No Adaptive
YC2 Impedance Persistence +39.303 0.0000 Yes Impedance
YC2 LSTM Persistence −2.375 0.0764 No Persistence

4.11. Comparison with a Self-Adaptive Graph Baseline
A natural question is whether a fixed, impedance-informed graph is still useful once the 

network is allowed to learn its own adjacency matrix directly from the forecasting objective 
(Section 3.4), or indeed whether any explicit cross-node structure is needed at all once 
the ST-GCN’s temporal-convolution backbone is in place (the identity control introduced 
in Section 4.2). Table 2 includes both models. At SHIC, self-adaptive’s accuracy (RMSE 
10.15 ± 0.05) sits among the other graph variants and the identity control (10.15–10.30), 
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all significantly worse than LSTM; at YC2, it reaches 11.56 ± 0.15, closely matching the 
impedance-informed graph (11.57 ± 0.06) and significantly better than LSTM at the uncor-
rected level (p = 0.022, not Bonferroni-significant). ST-GCN(adaptive)’s seed-to-seed SD at 
YC2, however, is roughly 2.5 times that of ST-GCN(impedance) (0.15 vs. 0.06), so the two 
models reach comparable accuracy with different reliability, and—as with the impedance 
graph itself (Section 4.2)—self-adaptive’s advantage over the graph-free identity control 
(11.77 ± 0.13) is not statistically significant.

Whether the learned graph itself resembles the impedance graph is a separate question 
from accuracy, and the answer differs by site—though less cleanly than a single training run 
suggests. Because A_adp is re-initialized randomly and re-learned independently for each 
of five seeds, we compare the seed-averaged learned adjacency (and, for transparency, each 
individual seed) against the impedance, correlation, and binary graphs using only unique 
off-diagonal edge pairs, together with a permutation (QAP-style) test that reshuffles node 
labels rather than assuming independent samples (Section 3.4); this corrects an earlier anal-
ysis that inadvertently counted each edge twice (once in each triangle of the symmetrized 
matrix) when estimating significance. At YC2, the seed-averaged learned graph is positively 
and significantly correlated with the impedance graph (r = 0.39, permutation p = 0.008) 
but not with the binary or correlation graphs (|r| < 0.02, p > 0.9); individual seeds range 
from r = −0.09 to r = 0.54, so the correspondence, while directionally consistent (four of 
five seeds positive) and significant on average, is not a deterministic outcome of training. At 
SHIC, no fixed graph shows a significant relationship with the learned graph, on average or 
in any individual seed (impedance: r = 0.14, p = 0.64); Figure 12a shows the SHIC adaptive 
graph is instead dominated by leaf–leaf edges that the hub-and-spoke impedance graph 
cannot represent at all. As an alternative comparison for this leaf–leaf structure, we also 
constructed an electrical-distance graph in which leaf–leaf pairs are weighted by the inverse 
of their series impedance through the hub (1/(|Zi | + |Zj |); Section 3.3); we compared A_ed 
directly against the same seed-1 learned adaptive graph shown in Figure 12, using the 
identical unique-edge, permutation-tested procedure used above. The result is a null one: 
A_ed does not show a significant resemblance to the learned graph at either site (SHIC:
r = −0.19, permutation p = 0.43; YC2: r = 0.20, p = 0.16), so the leaf–leaf structure the 
adaptive model discovers at SHIC is not explained by simple series-impedance distance 
either. Given this null result, and that the identity-vs.-impedance comparison in Section 4.2 
already shows the specific choice of fixed graph contributes less to accuracy than the ST-
GCN architecture itself at both sites, we did not retrain a further forecasting model on 
A_ed. Taken together, this is a noisier, more qualified version of the site-dependent pattern 
reported in Section 4.4: a graph learned from data with no electrical information shows a 
statistically detectable, if imperfect and seed-variable, resemblance to the impedance graph 
only at the site where fixed graph structure is actually informative, and no such resemblance 
where it is not.
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Figure 12. Learned adaptive graph compared with the impedance graph. (a,c) Adaptive graph;
(b,d) impedance graph. Top: SHIC; bottom: YC2. Drawn in the same style as Figure 1.

5. Discussion
5.1. Conditions for Effective Graph-Based Load Forecasting

The main cross-site finding is that graph structure does not help uniformly, and dis-
entangling why requires separating two effects that a comparison against LSTM alone 
conflates: the ST-GCN architecture itself (temporal convolution with message passing, 
regardless of what the adjacency matrix contains) and the specific graph supplied to it. The 
identity control (Section 4.2, Table 2) isolates the first effect by fixing the adjacency matrix to 
self-loops only, i.e., no cross-node information reaches the model at all. At SHIC, the identity 
control performs statistically indistinguishably from every other ST-GCN variant, including 
impedance (t = −0.03, p = 0.98)—the architecture, not any particular graph, is what under-
performs the LSTM there. At YC2, the identity control alone already recovers most of the 
ST-GCN family’s advantage over LSTM (RMSE 11.77 vs. 14.50, an 18.8% reduction), and 
adding the impedance graph on top of it yields a further, non-significant 1.7% improvement 
(t = 2.58, p = 0.061). The choice among the three fixed graph alternatives does matter at 
YC2—impedance significantly outperforms both binary and correlation at the uncorrected 
level (Section 4.2)—but the larger and more robust effect in this dataset is which temporal 
architecture is used, not whether a graph, or which one, is attached to it. This reframes 
rather than overturns the original question: SHIC’s near-uniform correlation structure 
(|r| = 0.94–0.99) leaves little discriminatory information for neighborhood aggregation to 
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exploit, so no graph, including a well-motivated impedance graph, can outperform a model 
that ignores cross-node structure altogether; YC2’s wide correlation range (0.02–0.98) is 
where graph choice starts to matter, but even there the effect is smaller, and less statistically 
robust once corrected for multiple comparisons (Section 4.10), than the effect of the under-
lying sequence model. For industrial energy-management applications, this suggests two 
things rather than one: first, that the choice of temporal forecasting architecture should be 
validated locally—against a graph-free control—before assuming a graph-based model is 
warranted; and second, more tentatively, and only where an architecture with message-
passing capacity is already justified, that checking inter-bus correlation heterogeneity before 
investing effort in a specific graph construction is a hypothesis motivated by these two sites, 
not a validated general screening rule (Section 5.5). Section 4.11 checks the graph-recovery 
side of this independently: a graph learned from scratch, with no electrical information at 
all, shows a statistically detectable resemblance to the impedance graph only at YC2, and 
not at SHIC.

5.2. Implications of Contemporaneous Electrical Coupling
The temporal-coupling analysis gives the forecasting results an electrical interpretation. 

For most representative bus pairs, the maximum cross-correlation of first-differenced active 
power falls at zero lag at the one-minute sampling resolution. This fits with how fast 
voltage and current relationships evolve within a low-voltage distribution network relative 
to the measurement interval. Thus, the graph’s role in this application is better understood 
as contemporaneous information exchange among electrically related nodes than as a 
representation of any minute-scale propagation delay. The analysis also separates electrical 
coupling from shared production scheduling: some bus pairs show high raw load correlation 
but weak correlation once differenced. This distinction is itself an argument for physically 
informed adjacency, wherever reliable electrical information can be recovered from the 
metering system.

5.3. Physical Interpretability of the Learned Forecasting Response
The input-perturbation analysis shows that the ST-GCN built on the impedance-

informed graph produces a sensitivity pattern that tracks the supplied impedance graph far 
more closely than the LSTM’s response does. This should not, however, be read as indepen-
dent recovery of network topology, since the ST-GCN architecture constrains information 
exchange through the adjacency matrix by design. Its practical value lies elsewhere, in 
interpretability: the dependence of a target forecast on neighboring measurements can be 
checked against an impedance-informed graph. For industrial energy-management and 
smart-distribution monitoring, this gives an additional validation layer beyond aggregate 
error metrics and can help identify whether the model uses measurement relationships that 
are plausible from an electrical-system perspective. A further comparison (Section 4.11) 
shows that a fully data-driven adaptive graph reaches comparable accuracy at YC2, but 
with higher run-to-run variance and without the same impedance-based interpretability, 
indicating that the impedance-informed graph’s advantage lies less in raw accuracy than in 
stability and physical accountability.

5.4. Implications for Industrial Energy Monitoring and Metering
The SHIC metering artifact identified in Section 4.8 has a direct implication for energy-

monitoring system design. The hub measurement aggregates grid-side and rooftop photo-
voltaic current on a shared channel, so the current used for branch-impedance regression 
does not represent a clean upstream reference. The affected edges also show the lowest 
regression fit quality at that site. For future industrial metering retrofits, distributed gen-
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eration, storage, and major branch loads should therefore be measured separately when 
the same data are expected to support impedance-informed network identification. More 
generally, impedance-derived graph weights should be used only after checking the sign, 
magnitude, fit quality, and consistency with the available electrical configuration.

For an operator considering graph-based short-term load forecasting, these results 
suggest a practical sequence. Where a validated feeder model exists, use the known electrical 
topology or impedance directly. Where it does not, electrical relationships can be estimated 
from synchronized meter data, but the resulting parameters should pass plausibility and 
data-quality checks before use and should be re-estimated from the training split alone 
to rule out validation/test leakage into the graph. Next, check the heterogeneity of inter-
bus relationships to gauge whether graph-based aggregation is likely to add anything. 
Finally, compare models with repeated training runs and statistical testing against both an 
LSTM baseline and a graph-free (identity-adjacency) ST-GCN control, since initialization 
variability alone can be large enough to change a single-run conclusion, and much of a graph 
model’s apparent advantage may come from the sequence-modeling architecture rather 
than the graph itself. This sequence ties forecasting-model selection to both the quality of 
the energy-monitoring infrastructure and the physical structure of the distribution network.

5.5. Limitations
This study has several limitations. First, only two sites were available for a controlled 

comparison; while their contrasting correlation structure was informative precisely because 
they differed, two sites cannot establish how the correlation-heterogeneity hypothesis of 
Section 5.1 generalizes across industrial sectors, facility sizes, or climates. A third site 
(DSPM, Section 3.1) with sufficient overlapping data would be a natural next validation 
point. The two sites also differ in several respects beyond correlation structure—data span 
(82 vs. 50 days), node count (six vs. nine), missingness patterns, and the presence of on-site 
photovoltaic metering at YC2 but not SHIC—any of which could in principle contribute 
to the observed divergence instead of, or alongside, correlation heterogeneity; with only 
two sites, we cannot fully separate these factors, and we flag correlation heterogeneity 
as the most parsimonious explanation we identified rather than the only possible one. 
Second, forecasting was evaluated at a single horizon (15 min ahead, single-step); whether 
the site-dependent reversal, or the graph’s relative advantage, holds at longer horizons is 
untested. Third, the hyperparameter screen (Section 4.9) found directionally consistent but 
not statistically significant improvements with only five confirmation seeds; a larger seed 
budget could resolve whether these effects are genuine. Fourth, the statistical significance 
testing in Sections 4.2 and 4.10 is a paired t-test on seed-level RMSE (n = 5); we now 
additionally apply a Bonferroni correction across the 22 comparisons performed (Table 5), 
which most of the YC2 “graph beats LSTM” claims do not survive (Section 4.10). A Diebold–
Mariano test on per-timestep residuals, or a block-bootstrap confidence interval on the 
test-period forecast errors, would have higher statistical power than either the corrected 
or uncorrected t-test and remains as future work. Fifth, the Granger-causality results in 
Section 4.5 are computed on very large samples (tens of thousands of minutes), which 
inflates statistical significance for even small effect sizes; we rely on the effect sizes (peak 
lag and peak correlation) rather than the p-values alone for interpretation. Sixth, the 
chronological test windows are short in absolute terms (12 days at SHIC, 7.5 days at YC2, 
roughly 15% of each site’s data), so the reported errors reflect a single realized period 
rather than an average over multiple periods; a rolling-origin (walk-forward) evaluation 
with several folds would test whether the site-dependent result is specific to this window 
and is a natural extension once additional compute budget is available. Finally, the graph 
construction assumes a hub–leaf topology inferred from the metering hierarchy rather than 
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verified from a complete single-line diagram, and the voltage–current regression yields 
an effective impedance proxy rather than a full complex line impedance. Facilities with 
meshed, multi-hub, or strongly phase-unbalanced internal distribution would require an 
extended formulation and additional electrical measurements.

5.6. Future Research Directions
Future work should extend the present evaluation in three directions. First, the re-

lationship between inter-bus heterogeneity and graph-model benefit should be assessed 
across a larger set of industrial facilities, voltage levels, operating schedules, and distributed-
energy-resource configurations. Second, dynamic or adaptive graph formulations could be 
evaluated to determine whether time-varying electrical and operational relationships im-
prove forecasting at sites where a fixed adjacency matrix is insufficient. Third, multi-horizon 
forecasting should be studied for time scales directly relevant to energy-management ac-
tions such as demand-response scheduling, peak-load management, and energy-storage 
dispatch. These extensions would clarify how impedance-informed graph forecasting can 
be integrated into practical industrial energy-management systems.

6. Conclusions
This paper proposed and evaluated an impedance-informed graph construction for 

short-term electrical load forecasting at two industrial distribution networks, using minute-
resolution multi-bus PT/CT measurements, and benchmarked it against binary, correlation-
based, self-adaptive, and graph-free (identity) alternatives, an LSTM baseline, and a naive 
persistence baseline, under a common chronological evaluation protocol with five random 
seeds and adjacency matrices built exclusively from the training split. Graph structure 
helped only where the measured inter-bus relationships offered useful spatial discrimina-
tion, and even there, most of the benefit traced to the ST-GCN architecture rather than to 
the specific graph supplied to it. At YC2, every ST-GCN variant outperformed the LSTM 
baseline at the conventional significance level, and the impedance-informed model gave 
among the lowest RMSE, a 20.2% reduction relative to the untuned LSTM (13.1% relative 
to a tuned LSTM, Section 4.9); however, a graph-free identity control already captured an 
18.8% reduction by itself, and none of these comparisons survived Bonferroni correction 
for the number of tests performed (Section 4.10)—a qualification we regard as central to 
the paper’s contribution, not a weakening of it. At SHIC, the LSTM stayed more accurate 
than every ST-GCN variant, including the identity control, indicating an architecture-level 
rather than graph-level effect at that site. This split tracked whether the inter-bus correla-
tion structure was heterogeneous or nearly uniform, though we treat this as a hypothesis 
from two sites rather than a general rule (Section 5.5). The mechanistic analyses added 
further, more qualified support. Coupling at the one-minute resolution was predominantly 
contemporaneous, and ST-GCN’s forecasting sensitivity corresponded more closely to the 
impedance-informed graph than that of LSTM did. A self-adaptive graph learned without 
any electrical information showed a statistically detectable, but seed-variable and imperfect, 
resemblance to the impedance-informed graph at YC2 only, reached comparable forecasting 
accuracy there, but did so with higher run-to-run variance. A practical limitation also 
emerged: meter configurations that aggregate grid and photovoltaic currents can under-
mine the reliability of impedance identification, and edge-level regression quality is itself 
unstable across time for some bus pairs when graphs are built from the training split alone 
(Section 4.8). Taken together, these findings support a reliability-aware approach in which 
the temporal architecture, the graph construction (if any), meter-data quality, and repeated, 
corrected-for-multiple-comparisons forecasting evaluation are considered together rather 
than in isolation. An impedance-informed graph is worth constructing only where the 
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metered network offers heterogeneous, exploitable structure and where the specific graph, 
not just a message-passing architecture in general, demonstrably adds value beyond that 
architecture alone. Such an approach is directly relevant to industrial energy management, 
smart metering, and data-driven monitoring of distribution networks, where accurate load 
forecasts need to be paired with a realistic accounting of which modeling choice is actually 
responsible for the accuracy gain.
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Abbreviations
The following abbreviations are used in this manuscript:

Abbreviation Definition
CT Current transformer
DCRNN Diffusion convolutional recurrent neural network
GNN Graph neural network
LSTM Long short-term memory
LV Low voltage
MAE Mean absolute error
MAPE Mean absolute percentage error
NRMSE Normalized root-mean-square error
PT Potential (voltage) transformer
PV Photovoltaic
RMSE Root-mean-square error
SD Standard deviation
sMAPE Symmetric mean absolute percentage error
ST-GCN Spatio-temporal graph convolutional network
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