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Abstract

Maintaining grid frequency stability is increasingly challenging in low-inertia power sys-
tems due to the growing penetration of renewable energy sources. Conventional control
mechanisms such as primary frequency response and under-frequency load shedding
(UFLS) operate reactively, limiting their effectiveness under rapid system dynamics. This
study proposes a unified forecasting-to-control framework that integrates short-horizon
grid frequency prediction with a frequency-aware demand–response (DR) action layer for
proactive stabilisation. The proposed approach combines XGBoost, CNN–LSTM, and Trans-
former models within a stacking architecture, where an XGBoost meta-learner generates the
final forecast. The model is trained on high-resolution UK grid frequency data resampled to
10 s intervals and enriched with domain-informed features, including frequency deviation,
rate of change of frequency (RoCoF), rolling statistics, and cyclical time encoding. A 5 min
lookback window is used to predict frequency 30 s ahead. Results show that XGBoost
achieves the best standalone performance (R2 = 0.9264), while the stacking ensemble pro-
vides comparable accuracy and improved robustness. Transformer predictions contribute
the highest importance within the ensemble, highlighting their complementary value. The
forecast is mapped to operational DR actions, enabling approximately 30 s of lead time.
The results demonstrate the potential of integrating forecasting with control for intelligent
grid management.

Keywords: grid frequency forecasting; demand response; low-inertia power systems;
stacking ensemble; XGBoost; Transformer; CNN–LSTM; short-horizon prediction; smart
grid control; uncertainty-aware forecasting

1. Introduction
Power system frequency reflects the instantaneous balance between electricity genera-

tion and demand and is a critical indicator of grid stability [1]. In modern power systems,
the increasing penetration of inverter-based renewable energy sources has significantly re-
duced system inertia, leading to faster and more volatile frequency dynamics [2–4]. Under
such low-inertia conditions, disturbances propagate rapidly, reducing the time available
for corrective actions and increasing the risk of instability.

Conventional control mechanisms, including primary frequency response and under-
frequency load shedding (UFLS), operate in a reactive manner, triggering corrective actions

Eng. Proc. 2026, 160, 29 https://doi.org/10.3390/engproc2026160029

https://crossmark.crossref.org/dialog?doi=10.3390/engproc2026160029&domain=pdf&date_stamp=2026-10-27
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/engproc
https://www.mdpi.com
https://orcid.org/0009-0006-0733-7329
https://orcid.org/0000-0002-3492-037X
https://doi.org/10.3390/engproc2026160029


Eng. Proc. 2026, 160, 29 2 of 11

only after frequency deviations occur. While effective in preventing system collapse, these
approaches provide limited response time and may result in excessive or unnecessary load
disconnections [5]. As grid dynamics become increasingly stochastic and nonlinear, there
is a growing need for predictive approaches that enable proactive intervention.

Recent advances in smart grid technologies and demand-side flexibility have intro-
duced demand response (DR) as a viable mechanism for frequency control. By dynamically
adjusting controllable loads such as electric vehicles, heating systems, and household
appliances, DR can provide fast and scalable support for grid stability [6,7]. However, most
existing DR frameworks remain reactive, relying on real-time measurements rather than
anticipating future system conditions.

Machine learning techniques have emerged as promising tools for short-horizon grid
frequency forecasting. Tree-based models such as XGBoost are effective for structured
feature learning [8], while deep learning architectures such as LSTM and CNN-LSTM can
capture temporal dependencies in sequential data [9,10]. More recently, Transformer-based
models have demonstrated strong capability in modelling complex temporal relationships
through attention mechanisms [11]. Despite these advances, no single model consistently
outperforms others across all operating conditions, motivating the use of ensemble approaches.

Despite this progress, a clear gap remains in the literature. Existing frequency-
forecasting studies predominantly optimise standalone predictive accuracy without estab-
lishing an explicit, operational link between forecast outputs and control actions [12–14].
Conversely, demand–response frameworks are typically reactive, responding only after a
frequency deviation is measured rather than anticipating it [6,7,15,16]. Moreover, although
hybrid ensembles combining tree-based and deep learning models have improved robust-
ness in general energy-forecasting tasks [17], their application to sub-minute, short-horizon
grid-frequency prediction that is directly coupled to an actionable demand–response deci-
sion layer has not been systematically demonstrated. This absence of a validated, unified
forecasting-to-control pipeline for short-horizon frequency management in low-inertia
grids is the specific research gap addressed in this study.

This study proposes a unified forecasting-to-control framework that integrates short-
horizon grid frequency prediction with a frequency-aware demand–response action layer. A
stacking ensemble is developed by combining XGBoost, CNN-LSTM, and Transformer mod-
els, with an XGBoost meta-learner producing the final forecast. Unlike existing work that
focuses primarily on predictive accuracy, the proposed approach explicitly links forecasting
outputs to operational decision-making, enabling proactive intervention approximately
30 s ahead of system disturbances.

The main contributions of this paper are as follows:

• Development of a hybrid stacking framework combining tree-based and deep learning
models for short-horizon grid frequency forecasting;

• Demonstration of complementary learning, where models with lower standalone
accuracy contribute to improved ensemble robustness;

• Integration of forecasting with a frequency-aware demand–response action layer for
proactive control;

• Empirical analysis of ensemble behaviour using meta-learner feature importance;
• Validation of operational feasibility through accurate classification of grid states with

actionable lead time.

The remainder of this paper is organised as follows. Section 2 reviews related work,
Section 3 presents the proposed methodology, Section 4 reports experimental results and
Section 5 concludes the paper.
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2. Related Work
Short-horizon grid frequency forecasting is essential for maintaining stability in

modern low-inertia power systems. The literature reviewed below is organised method-
ologically, progressing from classical statistical models, through machine learning and
deep learning approaches, to Transformer-based and ensemble methods before turning to
demand–response and forecast-to-control integration, which motivates the present work.

2.1. Statistical and Model-Based Forecasting Approaches

Traditional approaches model frequency dynamics using statistical techniques such
as autoregressive integrated moving average (ARIMA) and Kalman filtering [18]. While
effective under stationary conditions, these methods struggle to capture nonlinear be-
haviour and rapid transient dynamics associated with disturbances, motivating a shift
toward data-driven approaches. Related machine-learning work on short-term kinetic-
energy forecasting further demonstrates the value of data-driven prediction in low-inertia
systems [19].

2.2. Machine Learning and Deep Learning Approaches

Machine learning models such as XGBoost have demonstrated strong performance on
structured feature representations [8]. Similarly, recurrent neural networks, particularly
LSTM-based architectures, have shown effectiveness in modelling temporal dependencies
in sequential data [9], with CNN-LSTM hybrids further improving the extraction of local
temporal patterns [10]. More recent studies extend these approaches to very short-term
forecasting and frequency nadir prediction, highlighting the growing role of machine
learning in real-time grid stability analysis [12,13,20].

2.3. Transformer-Based and Ensemble Forecasting Methods

Transformer architectures have recently been adapted for time-series forecasting due
to their ability to capture long-range dependencies using self-attention mechanisms [11].
Models such as Informer and Autoformer introduce efficient attention and decomposition
techniques for temporal modelling [21,22]. While these approaches have shown strong
performance in applications such as load forecasting, their advantages in short-horizon,
low-latency frequency prediction remain less consistent [14]. In parallel, ensemble learning
methods, particularly stacked generalisation, have been widely adopted to improve predic-
tive performance by combining heterogeneous models [23]. Hybrid approaches integrating
tree-based and deep learning models have demonstrated improved robustness in energy
forecasting tasks, although gains are often limited when base models share similar input
representations [17].

2.4. Demand–Response and Forecast-to-Control Integration

On the control side, DR has emerged as a key mechanism for enhancing grid flexibility
by enabling dynamic adjustment of electricity consumption [6,7]. Conventional UFLS
schemes remain essential for system protection but operate reactively based on predefined
thresholds [5]. Recent research has explored adaptive and intelligent control strategies,
including machine learning-based approaches for demand response [15,16]. However, most
existing studies treat forecasting and control as separate problems. This work addresses
this gap by integrating short-horizon forecasting with a decision-making layer, enabling
proactive demand–response actions based on predicted system conditions.
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3. Proposed Framework
Figure 1 (Claude and ChatGPT assisted with drawing the system architecture diagram

in Figure 1) illustrates the overall architecture of the proposed hybrid AI framework. The
pipeline comprises four stages: (i) acquisition of grid frequency and related system data;
(ii) data preprocessing and feature engineering; (iii) a hybrid stacked ensemble forecasting
model combining XGBoost, CNN-LSTM, and Transformer base learners with an XGBoost
meta-learner; and (iv) a decision-support module that converts the resulting forecast into
demand–response recommendations. Each stage is described in the following subsections.

Figure 1. Overall architecture of the proposed hybrid AI framework for short-term frequency and
load forecasting with DR recommendations. The colours are different to show the different stages.

3.1. Data and Problem Formulation

This study uses high-resolution grid frequency data from the UK National Grid ESO,
originally sampled at 1 s resolution. To balance computational efficiency with temporal
fidelity, the data are resampled to 10 s intervals using averaging, resulting in 267,840
observations for December 2019.

The forecasting task is formulated as a supervised learning problem. Given a sequence
of past observations over a lookback window L, the objective is to predict the future
frequency value at horizon H:

f̂t+H = F (Xt), (1)

where Xt ∈ RL×d represents the input feature sequence. In this work, L = 30 (5 min) and
H = 3 (30 s ahead).

3.2. Feature Engineering

To capture system dynamics, the raw frequency signal is enriched with domain-
informed features. Frequency deviation is computed relative to the nominal value

∆ ft = ft − 50 (2)

and the rate of change of frequency (RoCoF) is approximated using first-order differencing:

RoCoFt = ( ft − ft−1)/dt. (3)
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Short-term temporal behaviour is captured using rolling statistics computed over
window sizes w ∈ {3,6,12}:

µ
(w)
t =

1
w

w−1

∑
i=0

ft−i, σ
(w)
t =

⌜⃓⃓⎷ 1
w

w−1

∑
i=0

(︂
ft−i − µ

(w)
t

)︂2
. (4)

Cyclical time encoding is applied to represent periodic patterns:

xsin = sin
(︃

2πh
T

)︃
, xcos = cos

(︃
2πh

T

)︃
. (5)

All features are normalised using Min–Max scaling.

3.3. Hybrid Forecasting Model

The proposed framework integrates three heterogeneous base learners.
XGBoost: a tree-based ensemble model that captures nonlinear relationships in struc-

tured data:

ŷ =
K

∑
k=1

fk(x). (6)

CNN-LSTM: a hybrid deep learning model that extracts local temporal patterns via
convolution and models sequential dependencies using LSTM layers.

Transformer: a self-attention-based model that captures global temporal dependencies:

Attention(Q, K, V) = softmax
(︃

QKT
√

dk

)︃
V. (7)

3.4. Model Architectures and Training Configuration

To make the architectures and training configuration of each model fully reproducible,
Table 1 summarises the layer structure, hyperparameters, and optimisation settings used
for the three base learners and the meta-learner, as implemented in the accompanying
training pipeline.

Table 1. Architecture, hyperparameters, and optimisation configuration of the base learners and
meta-learner. Data are split 80/20 (train/test) in chronological order, with random_state = 42 used
throughout for reproducibility.

Component Architecture/Layers Key Hyperparameters Optimiser & Training

XGBoost (base) Gradient-boosted decision trees
on engineered tabular features

n_estimators = 150;
max_depth = 5;
learning_rate = 0.05;
subsample = 0.8;
colsample_bytree = 0.8

Objective: squared error;
random_state = 42

CNN–LSTM (base)

Conv1D(32,k = 3)–BN–
MaxPool(2) →
Conv1D(64,k = 3)–BN–
MaxPool(2) → LSTM(32,
return_sequences)–
Dropout(0.2) →
LSTM(16)–Dropout(0.2) →
Dense(16, ReLU) → Dense(1)

Lookback L = 30 (5 min);
batch size = 128;
epochs = 12

Adam optimiser; MSE loss;
EarlyStopping
(patience = 4) and
ReduceLROnPlateau
(factor = 0.5, patience = 2)
on validation loss
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Table 1. Cont.

Component Architecture/Layers Key Hyperparameters Optimiser & Training

Transformer (base)

Dense(32) input projection +
sinusoidal positional encoding
→ 2× encoder blocks
(multi-head self-attention: heads
= 2, key_dim = 16; feed-forward
dim = 32; dropout = 0.1; residual
+ layer norm) →
GlobalAveragePooling1D →
Dense(32, ReLU) → Dropout(0.2)
→ Dense(1)

Lookback L = 30 (5 min);
batch size = 128;
epochs = 12

Adam optimiser; MSE loss;
same EarlyStop-
ping/ReduceLROnPlateau
callbacks as CNN–LSTM

XGBoost
(meta-learner)

Gradient-boosted trees over the
3 base-model predictions[︂

ŷ(1), ŷ(2), ŷ(3)
]︂

n_estimators = 120;
max_depth = 3;
learning_rate = 0.05;
subsample = 0.9;
colsample_bytree = 0.9

Objective: squared error;
random_state = 42

3.5. Stacking Ensemble

Predictions from the base models are combined using stacked generalisation. Let
ŷ(1), ŷ(2), ŷ(3) denote outputs from XGBoost, CNN–LSTM, and Transformer respectively.
These are used as inputs to a meta-learner:

ŷ = g
(︂[︂

ŷ(1), ŷ(2), ŷ(3)
]︂)︂

, (8)

where g(·) is implemented using XGBoost, as detailed in Table 1.

3.6. Forecast-to-Control Action Layer

To enable operational decision-making, predicted frequency values are mapped to
demand–response actions:

a
(︂

f̂
)︂
=

⎧⎪⎪⎨⎪⎪⎩
Critical, f̂ < 49.8

Warning, 49.8 ≤ f̂ < 49.9

Normal, f̂ ≥ 49.9

(9)

These thresholds are not arbitrary: they are aligned with the operational frequency
limits defined by the Great Britain system operator. National Grid ESO targets a normal
operating range of 49.8–50.2 Hz, deploying frequency response and reserve services once
frequency deviates beyond this band, while the wider statutory limit is 49.5–50.5 Hz [24,25].
As frequency approaches or breaches the 49.8 Hz lower operational bound, primary fre-
quency response and, in more severe cases, low-frequency demand disconnection may
be triggered [5]. The Critical and Warning thresholds adopted here (49.8 Hz and 49.9 Hz)
therefore reflect established GB grid operational practice rather than arbitrary cut-offs,
consistent with the operating margins reported for low-inertia GB scenarios [24]. This
mapping enables proactive intervention approximately 30 s ahead of disturbances.

3.7. Evaluation Metrics

Model performance is evaluated using three standard regression metrics, each assigned
its own equation number for clarity:

MAE =
1
N ∑|y − ŷ|. (10)
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RMSE =

√︃
1
N ∑(y − ŷ)2. (11)

R2 = 1 − ∑(y − ŷ)2

∑(y − ȳ)2 . (12)

4. Results and Analysis
4.1. Forecasting Performance

The predictive performance of all models was evaluated using MAE, RMSE, and R2

on the held-out test set. Table 2 summarises the results.

Table 2. Performance comparison of forecasting models on the held-out test set.

Model MAE (Hz) RMSE (Hz) R2

XGBoost 0.01295 0.01794 0.9264
Stacking Hybrid 0.01309 0.01819 0.9244

Transformer 0.01560 0.02126 0.8967
CNN–LSTM 0.01719 0.02294 0.8796

XGBoost achieves the strongest standalone performance across all metrics. The stack-
ing hybrid performs comparably, with only marginal degradation in accuracy. The Trans-
former and CNN–LSTM exhibit lower performance, particularly during rapid fluctuations.
Figure 2 compares the actual and predicted frequency trajectories for the first 500 test
samples: as shown in Figure 2, XGBoost achieves the closest fit to the observed signal,
while the stacking hybrid produces a smoother trajectory with comparable accuracy. The
Transformer captures major trends but exhibits reduced precision during rapid fluctuations,
whereas the CNN–LSTM shows noticeable lag and underestimation. Overall, the stacking
hybrid closely follows the XGBoost trajectory while reducing local volatility, producing a
more stable signal suitable for downstream control decisions.

Figure 2. Comparison of actual and predicted grid frequency for the first 500 test samples. XGBoost
achieves the closest fit to the observed signal, while the stacking hybrid produces a smoother trajectory
with comparable accuracy.

4.2. Ensemble Behaviour

Although the stacking model does not outperform XGBoost, it provides enhanced
robustness through complementary learning. The performance gap is minimal (MAE
difference < 1.5 × 10−4 Hz), indicating that ensemble fusion preserves predictive strength
while reducing reliance on a single model.

Figure 3 shows the feature importance of the XGBoost meta-learner based on the three
base-model predictions. As illustrated in Figure 3, Transformer predictions contribute
the highest importance (48.6%), followed by XGBoost (41.2%) and CNN–LSTM (10.2%).
This indicates that Transformer outputs contain complementary temporal information not

https://doi.org/10.3390/engproc2026160029
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fully captured by tree-based models, despite lower standalone accuracy—that is, the most
influential model within the ensemble is not necessarily the best standalone predictor.

Figure 3. Feature importance of the XGBoost meta-learner based on base-model predictions. Trans-
former predictions contribute the highest importance, followed by XGBoost, while CNN–LSTM
contributes least.

4.3. Operational Relevance

From a control perspective, prediction accuracy must be evaluated relative to decision
thresholds rather than absolute error alone. The average prediction error is significantly
smaller than the separation between action thresholds (0.1 Hz, per Section 3.6), ensuring
reliable classification into operational states.

The forecasting-to-control pipeline enables approximately 30 s of lead time, which
is sufficient for demand–response actions such as load shifting and peak shaving. This
demonstrates that even modest improvements in short-horizon prediction can translate
into meaningful operational benefits.

4.4. Uncertainty and Decision Reliability

Residual-based uncertainty estimation shows that true frequency values largely fall
within the predicted confidence intervals, indicating reasonable calibration. Figure 4 presents
the resulting probabilistic forecast with 95% confidence intervals: as shown in Figure 4,
the predicted values closely follow the actual signal, and the confidence bands capture the
majority of observations. This is particularly important near threshold boundaries, where
uncertainty-aware forecasting can prevent premature or unnecessary control actions.

Figure 4. Probabilistic forecast of grid frequency with 95% confidence intervals. The predicted values
closely follow the actual signal, while the confidence bands capture the majority of observations,
indicating well-calibrated uncertainty estimation.
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4.5. Key Insights

The confidence intervals in Figure 4 remain consistent across different operating
conditions and successfully capture most true values, which is particularly valuable near
decision thresholds, where uncertainty-aware predictions enhance the reliability of demand–
response actions. Taken together with the results in Sections 4.1–4.4, the findings highlight
several important points:

• Tree-based models remain highly effective for short-horizon forecasting with engi-
neered features;

• Stacking improves robustness rather than raw accuracy;
• Transformer models provide valuable complementary information within ensembles;
• Predictive accuracy is sufficient for reliable demand–response decision support;
• Integrating forecasting with control provides practical value beyond standalone prediction.

5. Conclusions
This study presented a unified forecasting-to-control framework for short-horizon

grid frequency management in low-inertia power systems. By integrating heterogeneous
machine learning models like XGBoost, CNN-LSTM, and a Transformer within a stacking
architecture (Table 1), the proposed approach achieves high predictive accuracy while
leveraging complementary learning across models.

Experimental results (Table 2) demonstrate that XGBoost provides the strongest stan-
dalone performance, while the stacking ensemble maintains comparable accuracy and
enhances robustness. Importantly, meta-learner analysis (Figure 3) reveals that Transformer
predictions contribute the highest importance within the ensemble, highlighting the value
of complementary temporal representations even when individual model performance
is lower.

A key contribution of this work is the integration of forecasting with a frequency-aware
demand–response action layer, whose thresholds are grounded in GB grid operational
practice [5,24,25]. By mapping predicted frequency values into operational states (Normal,
Warning, Critical), the framework enables proactive control with approximately 30 s of
lead time. This capability is particularly significant in low-inertia systems, where rapid
frequency deviations require fast and reliable intervention.

The inclusion of probabilistic forecasting (Figure 4) further strengthens the framework
by providing uncertainty-aware decision support, improving reliability near operational
thresholds. Collectively, these results demonstrate that short-horizon predictive models
can move beyond passive forecasting to support real-time control strategies in modern
power systems.

Future work will focus on incorporating additional system variables such as load,
renewable generation, and weather data, as well as developing adaptive control policies
using reinforcement learning. Extending the framework across longer time horizons and
multiple grid environments will further validate its scalability and operational applicability.

Overall, this work contributes toward the development of intelligent, predictive, and
control-oriented solutions for next-generation smart grids.
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