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Abstract— Frequency deviations reflect short-term power
imbalance and contain information about system-wide
synchronization and time-delayed coupling. We analyze about
one month of synchronized transmission-grid frequency
measurements from 17 monitoring points using lagged Pearson
cross-correlation for lags 1-10, reported for two aggregations:
an all-month baseline and a weekday—-weekend split. Weekends
show higher coherence than weekdays across all evaluated lags
(e.g., at lag 1 the global mean correlation is 0.258 on weekends
versus 0.174 on weekdays). From the lag sweep, we extract peak
correlation and best lag to summarize an empirical delay
structure; most pairs peak at small lags, while some corridors
require larger lags (=8-10 samples) for maximum alignment. To
connect these coupling patterns to forecasting design, we run a
controlled univariate benchmark on a reference station
(24,083,128 samples in Feb 2025, 0.1 s sampling) using LSTM,
TCN, and PatchTST under the same time split, train-only
preprocessing, and early stopping, with window lengths
ke{1,3,10,20}. Increasing the window from k=1 to k=20
improves accuracy for all models and reduces architecture
sensitivity; at k=20 the three models converge to nearly the same
nRMSE (=11.5%).

Keywords—power grid frequency, lagged cross correlation,
LSTM, PatchTST, Temporal Convolutional Networks.

l. INTRODUCTION

Power grid frequency deviations indicate short-term
power imbalance and support operational monitoring and
stability assessment [1]-[3]. Wide-area monitoring relies on
time-synchronized measurements to observe system dynamics
and to support disturbance-aware decisions beyond
conventional supervisory signals [1]-[3].

Robust frequency analytics from wide-area measurements
remain challenging. Synchronized streams can be incomplete
across stations and days, and availability gaps can bias
correlation analysis or reduce usable training data [4]-[6]. In
addition, empirical studies report non-Gaussian frequency
statistics and regime-dependent correlation structure, so
modeling and evaluation should match operating regimes [7].
Finally, dynamical heterogeneity implies that station
responses can differ substantially; overly uniform
assumptions may hide spatio-temporal effects in measured
dynamics [8].

These observations motivate correlation analysis beyond a
single lag. Lagged dependencies can reflect effective delays
that are consistent with finite-speed electromechanical
disturbance  propagation, linking  measurement-based
coupling to time-delayed system response [9]. Our earlier 24-
hour study showed that lag design can materially affect short-
horizon frequency prediction; here we extend the analysis to
an approximately one-month dataset and quantify how lagged
coupling and dominant delays vary under an all-month
baseline and a weekday—weekend regime split [10].
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To connect grid-level lag patterns to predictive modeling,
we run a controlled deep-forecasting benchmark with a fixed
training and evaluation protocol. We evaluate multiple
architectures under the same window settings (k=1, 3, 10, 20)
to isolate the effect of window length from model choice [10],
[11]. The benchmark compares LSTM, PatchTST, and TCN
using the same time-based split, preprocessing, and early
stopping, and includes training-setting checks to separate the
impact of larger k from longer training [10], [11]. These
architectures are widely used sequence baselines, including
temporal convolution models and patch-based transformers
for time-series prediction [11], [12]. We also cite a
ConvLSTM-based frequency forecasting study to position our
baselines within the broader grid-frequency literature [13].

Il.  DATA DESCRIPTION

This study wuses synchronized grid frequency
measurements from the Hungarian transmission system
operator (MAVIR) over about one month from 17
measurement points (Station A to Station Q). Availability is
checked per segment because the synchronized set is not
always complete across days, which can affect wide-area
analytics and learning datasets if ignored [14], [15]. To
process the high-density stream efficiently, XML records are
converted into time-based shards and stored as compact binary
arrays to reduce parsing and 1/O overhead, consistent with
scalable data-processing practice [16], [17]. For the univariate
forecasting benchmark, we select a baseline station with zero
missing rate and non-flat variability; Station E is used,
yielding 24,083,128 samples over Feb 2025 with a 0.1 s
sampling step.

I1l.  METHODS

This section summarizes the forecasting formulation, the
lagged-correlation component, and the model
implementations used in the univariate benchmark. The
models are evaluated three sequence models under the same
split and preprocessing pipeline: an LSTM regressor, a
temporal convolutional network (TCN) [18], and PatchTST
[19], all implemented in the same PyTorch framework.

A. Forecasting Setup and Window Length

Forecasting is posed as one-step-ahead regression on the
frequency deviation series Af at the baseline station (Section
I1). At time index i, the input is a context window containing
the most recent k samples, and the target is the next sample.
The parameter is treated k as an experimental factor and
evaluate k=1, 3, 10, and 20. In the implementation, the
command-line argument “lags™ maps to the context window
as: window=1 when lags=0, otherwise window=lags. Thus,
the effective context length equals the specified lag window.

B. Lagged Correlation Features

Lagged Pearson cross-correlation is computed lagged
Pearson cross-correlation for each station pair for k=1 to k=10,



where k is a shift of k samples. Because the sampling interval
of the synchronized stream can vary by dataset, we report lags
in samples and interpret them as effective delays. For each
pair, we extract (i) the peak correlation over the lag sweep and
(if) the corresponding best lag, which is standard in
correlation-based delay estimation [20]. Results are reported
correlation summaries for two aggregations only: (1) an all-
month baseline and (2) a weekday—weekend split. The all-
month baseline provides a robust estimate of lag-aligned
coupling that is less sensitive to short-lived fluctuations or
sparse segments. The weekday—weekend split isa minimal but
operationally meaningful regime contrast because demand
and dispatch conditions systematically differ between
working days and rest days (e.g., office and school loads),
which is reflected in consumption profiles and frequency-
quality statistics [21]-[23].

C. Data Split and Preprocessing

All benchmark runs use the same chronological split with
two fixed cut points, producing training, validation, and test
periods. The split is identical for all models and all window
settings. Preprocessing is fit on the training period only. First,
extreme Af outliers are clipped using training quantiles
(0.0001 and 0.9999), and the resulting thresholds are applied
unchanged to validation and test. Second, the clipped series is
min—max scaled using parameters computed from the training
period only, then applied unchanged to validation and test.
This train-only fitting rule follows standard time-series
practice and reduces information leakage through
preprocessing or model selection [24]. Fig. 1 summarizes the
split and sample counts used in all runs.

Total Samples: 24083128
TRAIN TEST
17207310 2555938
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Time (Feb 2025)

Fig. 1. Time-based split of the univariate benchmark dataset (Station E)
showing total samples and the train/validation/test partitions over Feb. 2025.

D. Model Architectures

All models predict a single next step value from a fixed
length context window and differ only in the sequence
encoder.

a) LSTM regressor

This study uses a stacked LSTM as a recurrent baseline,
followed by a linear regression head. LSTM gating supports
learning long-range dependencies via an explicit memory
mechanism [25]. The model takes inputs of shape [B, k, 1],
returns hidden outputs for all time steps, selects the final
output vector, and maps it to a scalar prediction with a linear
layer. Default settings are hidden_size=64 and num_layers=2.

b) TCN regressor

The TCN model follows a residual temporal convolution
design with dilated convolutions that expand the receptive
field while remaining fully parallelizable over the time axis
[18]. The implementation uses a stack of Temporal Block
modules. Each block applies two 1D convolutions with ReLU
and dropout, uses causal padding followed by a chomp
operation to preserve causality, and adds a residual connection

with an optional 1 by 1 convolution for channel matching.
Dilation is set as 2' per block. Default settings are
channels=(32,32,32), kernel size ksz=3, and dropout 0.1. The
final hidden state is taken at the last time index and passed
through a linear head to produce the next step prediction.

c) PatchTST regressor

PatchTST is implemented as a transformer based
forecaster that tokenizes the context window into patches
along the time axis, reducing token length and enabling
attention based learning over patch representations [19]. In the
univariate setting, the input has shape [B,1,k]. where B is the
batch size and k is the context window length in samples. The
time axis is patchified using a patch length (patch_len) and
sliding step (stride) via an unfold operation, producing
npatches patch tokens given by

Npatches = lk I;?:f:e_lenj +1 (D

Each patch is linearly projected to dmodel (token
embedding dimension), a learnable positional embedding is
added, and the resulting token sequence is processed by a
TransformerEncoder with nlayers (number of encoder layers)
and nheads (humber of attention heads). The regression head
predicts the next step value from the final token
representation. Default settings are dmodel=64, nheads=4,
nlayers=2, and dropout 0.1.

E. Training and Evaluation Protocol

All architectures are trained with the same objective and
evaluation setup. Mean squared error is minimized using
Adam with a fixed learning rate [r=1x1073 [26]. Training runs
for a fixed epoch budget with early stopping monitored on
validation MSE using a patience of 2, and the best validation
checkpoint is used for test evaluation [27]. Performance is
reported using NRMSE on inverse scaled predictions in the
clipped Afdomain, using the same split and preprocessing for
all architectures and all k values.

IV. RESULTS AND ANALYSIS

A. Operating Regimes: Weekday vs Weekend Analysis
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Fig. 2. Mean lagged correlation for weekday vs. weekend regimes, shown
for the High-Sync and Low-Sync station groups.

Grid synchronization differs systematically between
operating regimes. Fig. 2 shows higher coherence on
weekends than on weekdays across all evaluated lags. At lag
1, the global mean correlation is 0.258 on weekends versus



0.174 on weekdays. A plausible explanation is that weekday
operation introduces additional variability through demand-
side fluctuations and operational actions that reduce alignment
across monitoring points [28], [29].

A persistent feature is the gap between the High-Sync and
Low-Sync station groups. The High-Sync Group (D, C, G, E,
A, H, B) shows strong mutual alignment, consistent with tight
coupling through dominant transmission paths and closely
aligned measurements for wide-area monitoring. The Low-
Sync Group (F, M, N, J, O, I, P, Q, K, L) exhibits lower
correlation to the main reference behavior, suggesting
stronger influence from local dynamics or regional variations
rather than a single shared trend. Importantly, this separation
remains visible on both weekdays and weekends: operating
regimes shift overall correlation levels, but the relative
ordering of consistently high- vs low-synchronization
behavior is stable. This is compatible with evidence that
dynamic responses are shaped by the physical interconnection
structure [30] and the wide-area monitoring context [31].
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Fig. 3. Per-station weekday-weekend regime shift in mean cross-
correlation at lag 1 (Ap = pwq — Pwe); Negative values indicate stronger
average coupling on weekends.

Define the station-level mean coupling at lag 1 as

N
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where i and j index stations, N is the number of stations, p;’
(1) is the Pearson cross-correlation between stations i and j at
lag k=1, computed separately on the weekday subset (r =
wd) and the weekend subset (r = we); diagonal terms (i = j)
are excluded. The regime shiftis Ag; = 5™ (1) — 5™ (1),
with Ap; < 0 indicating stronger weekend coupling and
Ap; > 0 indicating stronger weekday coupling. This lagged
cross-correlation formulation is consistent with standard
correlation-based alignment practice [20]. As shown in Fig. 3,
most stations exhibit negative Ap , confirming that the
weekday—weekend coherence gap is broadly distributed
across the monitoring set. The strongest weekend-favored
shifts occur at Station O (-0.231) and Station N (-0.208),
followed by Station P (-0.196) and Station Q (-0.195), while
Station L (+0.005) and Station K (+0.044) show near-invariant
behavior. In contrast, Station E (+0.277) and Station F
(+0.176) exhibit higher mean coupling on weekdays,
highlighting heterogeneous station-level sensitivity despite
the overall increase in weekend coherence. Overall, this
station-level pattern is consistent with the negative off-

diagonal global mean Ap (weekday minus weekend) at lag 1
(global mean Ap =~ -0.0849).

B. Spatial Interaction and Delay Structure: All Month
Analysis

Spatial interaction is visualized spatial interaction using
four reference sources (Station D, Station M, Station A, and
Station K) and a fixed station ordering on the horizontal axis
(used only for visualization). The peak-correlation map
reveals clear coupling heterogeneity. Several interactions
remain strongly aligned, while Station F shows counter-swing
behavior; for example, its peak correlation drops to —0.83
relative to Station M, indicating pair-specific dynamics that
can oppose the dominant system trend. Marker colors encode
the best lag, showing that the lag of maximum alignment
varies by pair. Small-delay behavior appears for close pairs
such as Station D-Station C, which peak at lag 1. Larger
effective delays occur toward the south-east end (e.g.,
involving Station K and Station L), where peak alignment
requires lags 8-10. These maps provide a month-long baseline
delay structure referenced in IV-D. Fig. 4 provides the
corresponding peak-correlation and best-lag map for these
four references, making the coupling heterogeneity and the
pair-dependent delay structure visually explicit. A fixed
station ordering is used only to arrange the station-pair results
in the figures for readability. This ordering is a visualization
choice and does not affect the computed correlations or best-
lag values.
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Fig. 4. All-month peak correlation and best-lag (k) profiles across the
station sequence for the selected reference stations. Stations are shown in a
fixed index order for visualization; the order is not used in the correlation
computation.

C. Forecasting Performance Results

This section evaluates the predictive performance of
LSTM, PatchTST, and TCN models using a univariate
baseline from Station E.

TABLE I.  NRMSE (%) AT EPOCH 100 ACROSS CONTEXT WINDOWS k
AND NET CHANGE FROM k = 1 TO k = 20.
vogel | K=1 | k=3 | k=10 | k=20 (é;‘é‘?“.ffl)
(%) (%) (%) (%) (%)
LSTM 11.75 11.74 11.62 11.54 -0.21 ()
PatchTST | 11.73 11.71 11.63 11.55 -0.18 (})
TCN 11.75 11.71 11.61 11.56 -0.19 ()

Performance is measured performance using nRMSE for
each context window length k under the same split and



preprocessing. Table | reports final (epoch 100) nRMSE
values and shows a consistent decrease in error as k increases,
indicating that longer input history provides additional
predictive information. The net gain from expanding the
window from k=1 to k=20 is largest for LSTM and smaller for
PatchTST and TCN, while results converge at k=20 within a
narrow band (11.54-11.56%). Fig. 5 visualizes the same trend
and highlights reduced architecture sensitivity once the
context window is sufficiently long.
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Fig. 5. nRMSE of LSTM, PatchTST, and TCN for context window lengths
k e {1, 3, 10, 20}.

1. Impact of Context Window Length:

The results show that context window length is a primary
factor in improving forecasting accuracy. For all models, the
NRMSE decreases as k increases from 1 to 20. For example,
in the initial baseline (Epoch 10), the LSTM model starts with
an NRMSE of 12.34% at k=1 and drops to 11.52% when the
window is expanded to k=20. This aligns with broader time-
series forecasting practice that the amount of relevant
historical context available to the model can strongly
influence predictive accuracy [32][33].

2. Model Comparison and Architecture Sensitivity:
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Fig. 6. Probability density functions of prediction residuals at station E
comparing the k=1 baseline with k=20 optimized models.

At short windows, the convolutional and transformer-
based models are more efficient than the recurrent baseline.
At k=1, both TCN (11.75%) and PatchTST (11.76%)
outperform LSTM (12.34%). As the window grows to k=20,
all three architectures converge, with final nRMSE between
11.54% and 11.56%. This supports the view that capturing

time-delayed effects depends strongly on whether the input
window spans the relevant delays; once sufficient delayed
information is included, remaining differences between
architectures can be small in practice [32], [34].

Residual distributions provide an additional view of the
window-length effect. Fig. 6 compares prediction residuals at
Station E (=24 million samples, 100% availability). Moving
from k=1 (0.1 s history) to k=20 (2.0 s history) narrows the
residual distribution and reduces error variance, producing a
distribution more concentrated around zero. This indicates
higher precision when the input window contains more delay-
relevant history.

At k=20, the residual distributions of LSTM, TCN, and
PatchTST largely overlap. This indicates that, under the
current one-step setup and preprocessing, the three
architectures extract similar predictive information once
sufficient history is provided. The residual peak near zero also
suggests limited systematic bias (no consistent over- or under-
prediction). Together, these observations support a practical
predictability limit under this experimental setup: additional
architectural changes or longer history yield diminishing
changes in the residual shape at this station.

3. Gains from Extended Training:

Comparing epoch 10 to epoch 100 shows that longer
training mainly benefits short windows. The largest
improvement occurs for LSTM at k=1, where nRMSE drops
by 4.74% (12.34% to 11.75%), with a smaller gain of 1.26%
at k=3. For k=10 and k=20, additional training brings little
further improvement, suggesting that performance saturates
early once the window already contains sufficient history.
This diminishing-return behavior is consistent with empirical
observations in time-series training [33], [34].

D. Discussion:
Ceiling
The key novelty is the empirical link between

measurement-based lagged coupling and the context

requirements of deep forecasting. Best-lag analysis shows that
some station pairs require larger shifts (up to ~8-10 samples)
to achieve maximum alignment. This helps explain why very
short context (k=1) yields the highest errors: the model input
cannot span delayed interactions implied by the coupling
structure. When the window is expanded to k=20, it covers the
observed lag range and the three architectures converge within
about 0.3% NnRMSE. This suggests that lag/window design is

a physically grounded equalizer: once the input contains the

relevant delay information, architecture choice becomes

secondary to the information content of the time series [34].

Delay Propagation and Predictability

The weekday—weekend coherence gap is consistent with
weekly seasonality in electricity demand, where consumption
patterns differ between workdays and weekends [35].
Combined with the best-lag maps, this supports the
interpretation that window design is physically motivated: a
sufficiently long input window can internalize delay effects
and reduce sensitivity to architecture choice. Fig. 7 further
illustrates that some residual spikes occur at the same times
across LSTM, TCN, and PatchTST, indicating shared hard-to-
predict events rather than model-specific failures.

Aligned prediction failures across models suggest that
remaining errors are driven by components not captured by
the available history (e.g., stochastic disturbances or
unobserved exogenous actions), rather than by a specific



algorithm. Since k=20 already spans the dominant delay range
observed in the coupling analysis, synchronized residual
spikes likely correspond to events with weak precursors in the
measured signal. Across runs, all three architectures
consistently approach an nRMSE around 11.5%, which we
interpret as an information-saturation point for this station
under the current one-step setup.
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Fig. 7. Synchronized temporal residual analysis at station E comparing
LSTM, TCN, and PatchTST architectures at k=20.

V. CONCLUSION

This study finds that frequency synchronization patterns
are stable across regimes, even though average correlation is
higher on weekends (0.258) than on weekdays (0.174). The
station groups that remain consistently high- vs low-
synchronization are largely unchanged, suggesting that
relative coupling structure is shaped by the underlying
interconnection. Best-lag maps reveal effective delays up to
about 8-10 samples for some station pairs. In the univariate
benchmark, using a forecasting window that spans these
delays (k=20) reduces error and leads LSTM, TCN, and
PatchTST to converge near 11.5% nRMSE. Overall, the
results support window/lag design as a key factor for short-
horizon forecasting and as a practical bridge between
measurement-based coupling and model performance.
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