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Abstract: - Short-term electricity load forecasting is a challenging time-series problem due to nonlinear demand
dynamics, strong temporal dependence, and recurring calendar effects. This paper evaluates deep learning models
using open operational data for Albania (2024-2025). Recurrent architectures based on Long Short-Term
Memory (LSTM) and Gated Recurrent Unit (GRU) are used as baseline models, while a hybrid Transformer—
LSTM is assessed to examine the contribution of attention mechanisms. Calendar effects are incorporated using
trainable embeddings, and temperature is analyzed through a controlled ablation study based on ERAS5-Land
data. All models were trained and evaluated under a unified framework using standard regression metrics. The
results show high accuracy (MAPE < 2%, R2 > 0.99) with LSTM without temperature providing the best average
performance; however, an analysis per regime shows that the errors are concentrated in the ramping conditions
where GRU and Transformer—LSTM are more robust, pointing to the importance of regime-aware evaluation.

Key-Words: - short-term load forecasting; one-hour-ahead forecasting; deep learning; LSTM; GRU;
Transformer; regime-based evaluation; ramping analysis.

Received: March 13, 2026. Revised: May 12, 2026. Accepted: June 15, 2026. Published: September 21, 2026.

1 Introduction challenging in small power systems, where the limited
Accurate short-term electricity load forecasting level of aggregation reduces the natural smoothing of
(STLF) is a fundamental requirement for secure and demand and individual load variations have a stronger

economic power system operation, supporting impact on short-term behavjour, [5]: In the Al'banian
dispatch, balancing, reserve procurement, and real- ~ POWer system, hydro.pc.)we.r is the main generation. As
time security actions at operational horizons ranging ~ Most domestic electricity is supplied by hydroelectric
from minutes to days, [1]. In European power plants, system operatlgn is hlg'h.ly depenc}ent on
systems, one-hour-ahead forecasts are particularly ~ Seasonal and hydrological conditions. During dry
critical for balancing processes and real-time periods, the increased need for electrlclty imports
decision-making, ~where transmission  system makes the system more Vulnerable.to variations in
operators must continuously manage system  regional market prices. In periods with low
imbalances to maintain frequency stability, [2]. These ~ Precipitation, the need for electricity imports
operational requirements are implemented within  increases, which makes the system more sensitive to
harmonized European rules for system operation and fluctuations in regional market prices. Under these
cross-border coordination, where reliable short- conditions, accurate short-term 1_0ad forecasting
horizon forecasts contribute directly to congestion ~ becomes particularly mportant, as 1t directly affects
management and system security, [3]. The STLF cross-border scheduling, bglancmg operations, ?.Ild
problem has become increasingly challenging due to  the management of system imbalances, [6]. Albania’s
evolving consumption patterns, higher penetration of integration within the .Western. Balkans electrlqlty
variable renewable energy sources, electrification of framework, together with ongoing market goupllng
end-use sectors, and changing consumer behavior. and regulatory alignment efforts, further highlights
These developments amplify demand uncertainty and ~ the rqlevance ‘?f advanced forecastmg tools  for
introduce stronger nonlinearities in load dynamics, operational efﬁc1ency and security of supply, [7], [8].
increasing the operational cost of forecasting errors From a data perspective, the ENTSO‘.E Transpar.ency
through inefficient reserve activation and higher Platform provides open and standardized operatlopal
balancing costs, [4]. Forecasting becomes more datasets for FEuropean control areas, enabling
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reproducible country-level STLF studies, [9], [10],
[11]. Complementary meteorological information is
available from the Copernicus Climate Data Store
through the ERAS-Land reanalysis, which delivers
hourly near-surface temperature and other land
variables suitable for electricity demand forecasting
applications, [12], [13], [14]. Deep learning has
emerged as a dominant approach for STLF due to its
ability to learn nonlinear temporal representations
directly from data. Recurrent neural networks,
particularly Long Short-Term Memory (LSTM) and
Gated Recurrent Unit (GRU) architectures, have
shown strong performance in capturing short-lag
autocorrelation and recurring demand patterns. More
recently, attention mechanisms together with
Transformer architectures have been proposed to
enhance temporal representation learning. However,
for very short forecasting horizons—such as one hour
ahead—and especially in small power systems, the
practical benefits of attention mechanisms remain an
open question. Despite the growing literature on deep
learning-based STLF, most studies emphasize
average accuracy metrics without explicitly analyzing
when forecasting errors occur and which operating
regimes dominate operational risk. From a time-series
perspective, one-step-ahead forecasts are expected to
be largely driven by recent load history and calendar
regularities, while architectural differences are more
likely to manifest during dynamic transitions, such as
rapid demand ramps, rather than during steady peak
or valley conditions. This motivates the adoption of
regime-based evaluation frameworks that link
modeling assumptions to observed numerical
behavior and operational relevance.

In this context, the present paper develops a deep
learning-based framework for one-hour-ahead
electricity load forecasting in Albania, comparing
recurrent and attention-enhanced architectures under
a unified experimental protocol. In addition to
standard accuracy metrics, the analysis emphasizes
regime-dependent error behavior under peak and
ramping conditions. The incremental value of
temperature is examined through a controlled ablation
study to assess its relevance at short horizons in a
hydro-dominated system.

The main contributions
summarized as follows:

1. A unified comparison of recurrent deep
learning models (LSTM and GRU) and a
hybrid  attention—recurrent  architecture
(Transformer-LSTM)  under  consistent
experimental conditions.

2. Integration of calendar embeddings and a
systematic temperature ablation study to

of this work are
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assess feature relevance in short-horizon
forecasting.

3. Benchmarking against persistence and
ENTSO-E day-ahead forecasts to provide
operational context.

4. A regime-based error analysis reveals
robustness differences that are masked by
average accuracy metrics.

The remainder of the paper is organized as follows.
Section 2 reviews related work on STLF and deep
learning approaches. Section 3 describes the data
sources, model architectures, and experimental setup.
Section 4 reports the forecasting results together with
the regime-based analysis. Finally, the main
conclusions of the study are summarized in Section 5.

2 Literature Review

2.1 Classical Approaches to Short-Term
Load Forecasting

Early studies on short-term electricity load forecasting
(STLF) were mainly based on classical statistical
methods derived from linear time-series analysis.
Linear regression and decomposition techniques were
among the first approaches used, mainly because of
their simplicity and clear interpretation. Subsequently,
autoregressive and moving average models were
introduced to explicitly capture temporal dependence
in load time series. Autoregressive integrated moving
average (ARIMA) models became widely adopted for
STLF because of their solid theoretical foundation and
reasonable performance under stable operating
conditions, [15], [16]. Exponential smoothing and
state-space formulations were also applied to short-
term demand forecasting, particularly for systems
exhibiting strong seasonality and regular demand
patterns, [17]. Despite their advantages, these
statistical models rely on assumptions of linearity and
weak non-stationarity, which are often violated in real
electricity demand data. Electricity load exhibits
nonlinear behavior, abrupt changes, and complex
dependencies driven by human activity, weather
conditions, and socio-economic factors, [18]. As a
result, the predictive accuracy of purely statistical
approaches is limited, especially for short forecasting
horizons during volatile operating conditions, where
rapid demand transitions dominate forecasting
difficulty.

2.2 Machine Learning and Deep Learning
Methods for Load Forecasting

To overcome the limitations of classical statistical
models, machine learning techniques were
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increasingly adopted for STLF. Artificial neural
networks were among the first nonlinear models
applied to electricity demand forecasting and
demonstrated improved accuracy compared with
linear methods. Support vector regression was later
introduced to capture nonlinear relationships between
load and explanatory variables while maintaining
good generalization properties, [18], [19]. Tree-based
ensemble methods, including random forests, gradient
boosting algorithms, and their modern variants,
further improved forecasting performance by
combining multiple weak learners and modelling
nonlinear interactions among inputs, [20], [21], [22].
While these machine learning approaches are
effective in handling nonlinearities, they typically rely
on manual feature engineering and treat temporal
dependence implicitly rather than explicitly. For very
short forecasting horizons, such as one hour ahead,
this limitation can reduce their effectiveness when
rapid temporal dynamics dominate. As a result, deep-
learning methods have become one of the main
approaches used in short-term load forecasting,
mainly because they are able to learn complex
temporal patterns directly from historical data without
requiring explicit model formulation, [23], [24]. In
particular, recurrent neural networks (RNNs) are well-
suited for time-series prediction problems, since they
process data sequentially and maintain information
about past observations through their internal state,
[25]. Among the different recurrent architectures,
Long Short-Term Memory (LSTM) networks have
been widely used in hourly load forecasting
applications due to their ability to capture long-term
dependencies in demand data. Their gated memory
structure enables the capture of both short-term
fluctuations and longer periodic patterns, such as daily
and weekly cycles. Several studies have shown that
LSTM-based forecasting approaches often provide
better accuracy than traditional statistical techniques
and standard machine-learning models, particularly in
large interconnected power systems. The Gated
Recurrent Unit (GRU) was later introduced as a more
compact recurrent architecture, designed to reduce
model complexity while retaining the ability to
capture temporal dependencies in time-series data,
[26], [27]. Reported results in the literature indicate
that GRU models can reach similar, and sometimes
higher, short-term forecasting accuracy, especially in
systems where the load profile is highly correlated in
time and the amount of training data is relatively
limited, [26].
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2.3 Attention Mechanisms and
Transformer-Based Models

Attention mechanisms were introduced in neural
network models to improve the handling of long input
sequences by allowing the model to emphasize the
most relevant parts of the data during the learning
process, [28]. This idea was later extended in the
Transformer architecture, which relies entirely on
self-attention and removes the need for recurrent
connections, making it possible to model long-range
temporal relationships more directly, [29].
Transformer-based approaches have shown strong
performance in several time-series forecasting
applications, including electricity load prediction,
[30], [31]. Nevertheless, fully attention-based models
usually require large amounts of training data to reach
their full potential, and they may be less effective in
very short-term forecasting problems where local
sequential patterns play a dominant role, [32], [33].
This limitation is particularly relevant for small power
systems, where data availability is limited and short-
lag dependencies are dominant. To overcome these
limitations, several studies have proposed hybrid
architectures that combine Transformer encoders with
recurrent neural networks. In these approaches, the
attention mechanism is used to capture long-range
temporal dependencies, while the recurrent layers
help preserve short-term sequential behaviour.
Although such hybrid models have shown promising
results in different forecasting applications, their
effectiveness for one-hour-ahead load prediction in
small, hydro-dominated power systems has not been
extensively studied. The limited evidence available in
the literature motivates further analysis.

2.4 Effect of Temperature and Weather
Variables

Among the different external factors that affect
electricity consumption, temperature plays a
particularly important role because it determines the
level of heating and cooling required by users.
Numerous STLF studies incorporate temperature as
an exogenous input and report improved forecasting
accuracy, particularly during extreme weather
conditions, [34], [35], [36]. The relationship between
load and temperature is often nonlinear and region-
dependent, with varying sensitivity across seasons and
system characteristics, [37]. For very short forecasting
horizons, however, recent studies suggest that the
marginal value of weather variables may be reduced
when strong load persistence and calendar effects
dominate. In small and hydro-dominated systems,
demand dynamics may be primarily driven by
consumption regularities rather than by immediate
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meteorological forcing, [38], [39], [40]. Only a
limited number of studies explicitly perform
temperature ablation analyses to quantify the
incremental contribution of weather information
under short-horizon conditions.

2.5 STLF in Small and Hydro-Dominated
Power Systems and Evaluation Gaps
Most existing STLF studies focus on large
interconnected power systems, where aggregation
smooths demand variability and forecasting errors.
Small power systems require forecasting
approaches that emphasize robustness, generalization,
and reliable model evaluation, particularly under
conditions of limited data availability and higher
demand variability, [41], [42], [43]. In hydro-
dominated systems, electricity demand forecasting
interacts indirectly with hydrological constraints and
reservoir management strategies, increasing the
operational value of accurate short-horizon
predictions. An additional limitation in the existing
literature concerns evaluation practices. Many studies
rely primarily on average error metrics, such as MAE
or RMSE, which may obscure model weaknesses
under operationally critical conditions, [44], [45],
[46]. Recent work suggests that forecasting difficulty
is often concentrated during ramping events and rapid
transitions rather than during steady demand levels,
[47], [48], [49], [50]. However, systematic regime-
based error analyses remain relatively scarce,
particularly for small power systems and very short
forecasting horizons. Addressing this gap motivates
the regime-aware evaluation framework adopted in
the present study.

3 Methodology

This study investigates one-hour-ahead short-term
electricity load forecasting (STLF) for Albania, a
small and hydro-dominated power system
characterized by limited demand aggregation, strong
daily and weekly consumption patterns, and high
operational sensitivity to short-horizon forecasting
errors. These characteristics motivate the use of
forecasting models capable of capturing short-lag
temporal dependence, nonlinear demand dynamics,
and recurring calendar effects, while maintaining
robustness during rapid demand transitions.

Hourly electricity demand data were obtained from
the ENTSO-E Transparency Platform for the
Albanian control area. Two time series are used:
Actual total load (target variable), and

Day-ahead load forecast (used strictly as a
benchmark baseline and not as a model input unless
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stated otherwise). Meteorological forcing 1is
represented by 2 m air temperature from ERA5-Land
(hourly). All time stamps are aligned on a common
hourly index. To ensure a consistent merge, load, and
temperature series are processed on the same time
basis (UTC) and then joined by time stamp. The raw
hourly dataset is screened for:

(i) duplicate time stamps, (ii) missing hours, and
(iii) incomplete intra-hour coverage where applicable
(using the available n_15min_points indicator). Only
hours passing these consistency checks are retained.
After cleaning and alignment, a unified dataset
containing load, calendar variables, and temperature
is formed.

3.1 Feature Engineering and Input
Representation
The forecasting task is formulated as a direct one-step-
ahead prediction problem, expressed as:
Vie+1y = fXe) D),
where y, is the actual load at hour t, and X; is a
fixed-length historical input window:

Xy = [x{t—L+1}r X{t—L+2} ---'xt]

X, € RMxd (3),

where L is the lookback window length, and d is
the number of features per time step. Features include
historical load values, calendar information (hour-of-
day and day-of-week encoded via trainable
embeddings), and when applicable temperature. A
temperature ablation study is performed by training
each model both with and without temperature inputs,
while keeping all other features unchanged.

(2),

3.2 Experimental Protocol, Data Splits, and
Reproducibility

Forecast performance was assessed using common
regression metrics. These include the mean absolute
error (MAE), root mean squared error (RMSE), mean
absolute percentage error (MAPE), and the coefficient
of determination (R?), defined as follows:

Mean Absolute Error:

1< A
MAE = NZ(lLi - L

i=
Root Mean Squared Error:

C)

N
1 2
RMSE = |— NLye(£) = NLpeq (1) (5)
N;( l pred l )

Mean Absolute Percentage Error:
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100 NLrye (l) - NLpred (l)
MAPE = Z : (6)
‘ ‘ NLtrue (l)
Coefficient of Determmation:
2
Zliv=1 (NLtrue (l) - NLpred (l))
R?=1- (7

Zliv=1(NLtrue (l) - NLmean)2

Forecast accuracy is evaluated on the test set using

standard regression metrics: mean absolute error

(MAE), root mean squared error (RMSE), mean

absolute percentage error (MAPE), and the coefficient
of determination (R?).

3.3 Regime-Based Error Decomposition

To identify operating conditions that dominate
forecasting difficulty, errors are decomposed by
demand regime. Hourly load ramps are defined as

Ay = Ye = Ye-1 )
Ramp magnitude is given by,
1Ayel = [yt = ¥e-11(9)

Let  qo90 = Qogo (|t — ¥r-1]) denote the 90th
percentile of absolute ramp magnitudes. Ramp
regimes are defined as ramp-up events when

Ayr 2 qogo (10)
and ramp-down events when;
Ay < —qogo (11)

Peak and valley operating conditions are identified
using load percentiles, with peak hours defined by

Ve = Qo.90Y(t) (12)
and valley hours by ;
Ve < Qo.10y () (13)

For each regime, MAE is computed separately,
enabling a regime-aware assessment of forecasting
robustness beyond aggregate accuracy metrics.

3.4 Deep Learning Models

Three architectures are evaluated: Long Short-Term
Memory (LSTM), Gated Recurrent Unit (GRU), and
a hybrid Transformer-LSTM model.

3.4.1 Deep Learning Models and Conceptual
Schematics

The selection of these architectures is motivated by
their complementary inductive biases for modelling
short-lag temporal dependence, nonlinear dynamics,
and robustness under rapidly changing operating
conditions.

The schematics in Figure 1 and Figure 2 illustrate
functional data flow (inputs temporal
representation — output layer) and are intended as
conceptual diagrams rather than implementation-level
block diagrams.

—
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Figure 1: LSTM and GRU model architectures

Fig. 1: Conceptual architectures of the LSTM and

GRU forecasting models
Source: created by the authors.
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Figure 2: Transformer—LSTM hybrid model architecture

Fig. 2: Hybrid Transformer—LSTM model
architecture
Source: created by the authors.

The Transformer encoder extracts context-aware
temporal representations using self-attention, which
are subsequently passed to an LSTM decoder to
preserve short-lag sequential structure relevant for
one-hour-ahead forecasting.

3.4.2 Recurrent Neural Network Models (LSTM
and GRU)

The LSTM and GRU models are implemented as
baseline recurrent architectures due to their proven
effectiveness in short-term load forecasting and their
ability to capture short-lag temporal dependence,
which is theoretically dominant at the one-hour
forecasting horizon. Both models process the
historical input sequence Xt sequentially and generate
a latent representation summarizing recent demand
dynamics. The forecasting task is defined as a direct
one-step-ahead mapping. The definition of the input
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window Xt is given in equations (1), (2), (3). After
processing the sequence, the last hidden state of the
recurrent network is connected to a fully connected
output layer that produces the forecast. The LSTM
network uses memory cells and gating operations to
control how information is stored and transferred
between time steps, which helps preserve relevant past
values and alleviates vanishing gradient issues. The
GRU has a similar structure, but it relies on a simpler
gating scheme with fewer parameters, making the
model more compact while still able to represent
temporal dependencies.

This reduced complexity can improve numerical
stability and generalization, particularly in small
power systems where demand variability is limited.
Calendar information (hour-of-day and day-of-week)
is incorporated via trainable embedding vectors and
concatenated with the recurrent representation before
the output layer. This allows the models to jointly
learn short-term persistence and recurring daily and
weekly demand patterns.

3.4.3 Hybrid Transformer—LSTM Model

To assess whether attention mechanisms improve
robustness under dynamic operating conditions, a
hybrid  Transformer—-LSTM  architecture s
implemented. In this model, a Transformer encoder is
first applied to the input sequence Xt to learn context-
aware representations, followed by an LSTM decoder
that refines local temporal dynamics. The
Transformer encoder is based on the scaled dot-
product self-attention mechanism:

. (Q KT>
Attention(Q,K,V) = softmax N (14)
(dp)2
and multi-head attention aggregation,
MultiHead(Q,K,V)
= Concat(head,, head,, ..., head, )W° (15)

where multiple attention heads enable the model to
attend to different temporal aspects of the input

sequence. Residual connections and layer
normalization are applied to stabilize training,
head; = Attention(Q W2, K WX, v w/) (16)

followed by a position-wise feed-forward network,
Z, = LayerNorm(X + MultiHead (X, X, X))(17)
followed by a position-wise feed-forward network,

FFN(Zl) = maX(O,lel + bl) Wz + b2(18)

and a second residual normalization step,
H = LayerNorm(Z, + FFN(Z,))(19)
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Equations, (16), (17), (18), (19) present the
formulation of the Transformer encoder block
employed in this study. The self-attention operation
enables the model to account for temporal
relationships over the entire input sequence, and the
use of residual connections combined with layer
normalization improves training stability. The
encoder output H is subsequently passed to an LSTM
decoder to preserve short-lag sequential dynamics
relevant for one-hour-ahead forecasting. All
projection matrices follow standard Transformer
dimensionality and are learned during training, [30],
[31].

3.4.4 Training Strategy and Numerical Stability
All models are trained using a direct one-step-ahead
forecasting strategy, minimizing the mean squared
error loss. This approach avoids recursive error
propagation and ensures that observed forecasting
errors reflect representation quality rather than multi-
step accumulation effects. Training is performed
using the Adam optimizer with early stopping based
on validation loss, [51]. The models are implemented
using the PyTorch deep learning framework, [52],
while data preprocessing and evaluation utilities are
handled using Scikit-learn, [53]. Fixed random seeds
and consistent preprocessing are used to improve
reproducibility. Model performance is evaluated
exclusively on a held-out test set using the metrics
defined in (4), (5), (6) and (7).

3.4.5 Theoretical Basis

The LSTM and GRU architectures follow their
original formulations introduced in [25], [26]. The
attention mechanism and Transformer encoder are
based on the framework proposed in [29], and
subsequent time-series forecasting adaptations [30],
[31]. The hybrid Transformer—LSTM structure
reflects the hypothesis that attention mechanisms may
enhance robustness during rapid load transitions,
while recurrent structures remain well-suited for
capturing dominant short-lag dependence in one-
hour-ahead load forecasting.

3.4.6 Methodological Workflow for One-Hour-
Ahead Load Forecasting

Overall workflow of the proposed one-hour-ahead
short-term load forecasting framework. Hourly
electricity demand data from the ENTSO-E
Transparency Platform and temperature data from
ERAS5-Land are pre-processed and combined through
feature engineering, including lagged load variables
and calendar embeddings. The resulting input
representation is used to train deep learning models
(LSTM, GRU, and Transformer—-LSTM), and
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forecasting performance is evaluated using standard
accuracy metrics and regime-based error analysis.
Figure 3 illustrates the overall workflow of the
proposed short-term load forecasting framework,
including data acquisition, pre-processing, feature
engineering, model training, and evaluation.

ENTSO-E Load DL Models Evaluation

ERA5 Temp

+ LSTM
* GRU
+ Transformer-LSTM

Feature
Engineering

ENTSO-E Load
o =P Preprocessing =P

ERAS Temperature
" * Lags . LSTM . R
+ GRU

« Transformer-LSTM

+ Calendar

+ Embeddings

Fig. 3: Overall workflow of the proposed short-term
load forecasting framework, including data
acquisition, preprocessing, feature engineering, deep
learning model training, and performance evaluation

Source: created by the authors.

The workflow concludes with the evaluation of
model performance using standard regression metrics.

4 Results

4.1 Benchmark Forecasting Performance
Before analyzing the performance of deep-learning
models, benchmark forecasting behavior is examined
to contextualize the short-term forecasting challenge
in the Albanian power system. In addition to the
proposed models, two reference forecasts are
considered.

The first is a persistence forecast obtained from the
most recent load observation, while the second
corresponds to the day-ahead load forecast reported
by ENTSO-E.

Monthly Peak Demand: Actual vs ENTSO-E Day-Ahead
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Fig. 4: Actual vs ENTSO-E Day Ahead Forecast
Source: created by the authors.
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Figure 4 shows a comparison between the
measured hourly electricity demand, the persistence
forecast, and the ENTSO-E day-ahead prediction.
Although the overall daily trend is represented
reasonably well by both reference forecasts,
differences appear near peak and low-load periods,
indicating limited accuracy at short operational
horizons. The mismatch becomes larger during highly
variable periods, when sudden changes in demand
cannot be captured by the baseline approaches. Table
1, summarizes the benchmark forecasting
performance for the one-hour-ahead forecasting
horizon.

Table 1. Main benchmark comparison (1h-ahead)

MAE RMSE MAPE )
Model MW)  [[(vMw) (%) R
(Pt(irls)lstence 75.954 1/100.824 ||8.139  ||0.8760
ENTSO-E
Day-Ahead 42.194 |55.972  |4.065 ||0.9618

Source: created by the authors.

The persistence forecast shows relatively large
errors (MAE = 75.95 MW, RMSE = 100.82 MW),
since it cannot account for short-term variations in
demand. The ENTSO-E day-ahead forecast provides
a clear improvement in accuracy (MAE =42.19 MW,
RMSE = 55.97 MW) and reproduces the general
demand evolution more reliably, but it still has
difficulty capturing extreme conditions and fast load
changes. These results indicate that, although day-
ahead forecasts are useful for overall system planning,
they are not designed for the very short forecasting
horizons required for real-time balancing and
operational decision-making. For this reason, data-
driven deep-learning models are investigated as a way
to improve one-hour-ahead forecasting accuracy and
to obtain more robust predictions under dynamic
operating conditions.

4.2 Overall Forecasting Accuracy and
Temperature Ablation

This subsection evaluates the overall one-hour-ahead
forecasting accuracy of the deep learning models and
examines the impact of temperature inclusion through
a controlled ablation analysis. Table 2 reports the test-
set results for the LSTM, GRU, and Transformer—

LSTM models evaluated under two input
configurations: with temperature and without
temperature.
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Table 2. Metrics Results

. MAE |RMSE |MAPE||,,
Model Setting Mw) [(Mw) ||6) R
LSTM With 18.49 (|24.17 ||1.83 0.9929
temp
LSTM Without |15.38 1)1 55 (1147 |l0.9944
temp
GRU With 1l 6 99 |l22.03 [[1.73 [0.9941
temp
GRU Without ||\ 7 4 11420 [1.69 ||0.9929
temp
Transformer— ||With
LSTM temp 17.12 {|23.10 |[1.72 0.9935
Transformer— ||Without
LSTM temp 17.27 (|24.32 |]1.67 0.9928
Source: created by the authors.
All deep-learning models show very high

forecasting accuracy, with mean absolute percentage
error  (MAPE) below 2% and coefficients of
determination greater than 0.99, confirming a very
close match between predicted and measured load
values. The comparison also shows that adding
additional input variables does not always improve
short-term forecasting performance. This effect is
particularly evident in small power systems, where
load persistence and calendar-related patterns play a
dominant role at short forecasting horizons. While
temperature is an important driver of electricity
demand at longer timescales, its contribution to one-
hour-ahead forecasting accuracy is secondary and
architecture-dependent in the present case.

4.3 Time-Series Forecasting Performance

To complement the aggregate accuracy metrics
reported in Section IV.B, the time-series behavior of
the evaluated deep-learning models is examined
through visual inspection of their one-hour-ahead
forecasts. This analysis provides insight into how well
the models track the temporal evolution of electricity
demand under both stable and rapidly changing
conditions. Figure 5 shows the hourly electricity load
over a representative multi-day interval for the
Albanian power system.

..........

v

12-29.00
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Fig. 5: Hourly electricity load over a representative

multi-day period
Source: created by the authors.
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A clear daily pattern can be observed, with
recurring peaks during daytime hours and lower
demand during the night, together with rapid
transitions between different operating conditions.
Such sudden variations make short-term load
forecasting more difficult and require models that are
able to capture short-term temporal dependencies.
Figure 6 compares the daily peak electricity demand
during the test period with the corresponding forecasts
obtained using the LSTM, GRU, and Transformer—
LSTM models.

1600

— GRU
— Transformer-LSTM

1400

1200

Load (rMwW)

1000

800

600

T T T T
123012 12:3100 123112 010100

Time

T
12:30 00

T
12912

-
12-2900

Fig. 6: Daily peak electricity demand during the test
period, comparing actual observations with forecasts
obtained using LSTM, GRU, and LSTM-

Transformer models
Source: created by the authors.

All three models closely follow the observed
evolution of peak demand, successfully capturing
both the timing and magnitude of most daily maxima.
Deviations are primarily observed during days with
higher variability, indicating that forecasting errors
are concentrated during dynamic operating conditions
rather than during steady demand periods. Figure 7
shows the predicted and observed load values over the
entire test period, together with a zoomed interval that
makes it possible to examine both long-term tracking
and short-term variations.

1600

1400

1200

oad (MW)

Fig. 7: Time-series forecasting behavior of the
evaluated deep-learning models for the 1-hour-ahead

horizon
Source: created by the authors.
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Over the full horizon, all models follow the
measured load profile closely, indicating stable
performance and a good ability to reproduce the main
temporal patterns of the demand signal. The zoomed-
in view confirms that short-term variations and peak
timing are reproduced with only minor discrepancies,
particularly during rapid transitions. To further
illustrate performance across multiple temporal
scales, Figure 8 shows the forecasting behaviour of
the GRU model for the full test period and for
randomly selected subsets corresponding to 10% and
1% of the test samples.

Albania - GRU (1-hour ahead) Test Results

1600 — Atua
Predicted

Fig. 8: Hourly electricity load forecasting results for
Albania using the GRU model with a 1-hour-ahead

horizon
Source: created by the authors.

The results show that the model preserves similar
accuracy at different sampling resolutions, which
suggests stable behaviour both over long periods and
during short local wvariations. The top panel
corresponds to the full test interval, while the middle
and bottom panels show randomly selected subsets
containing 10% and 1% of the samples. This
representation makes it possible to evaluate model
performance at different time scales.

In general, the time-series analysis shows that all
tested deep-learning models follow the main diurnal
pattern of electricity demand and produce reliable
one-hour-ahead predictions under typical operating
conditions.

The remaining discrepancies are mainly associated
with periods of rapid load change, suggesting that
forecasting difficulty is driven more by dynamic
transitions than by absolute demand levels. These
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observations motivate the subsequent analysis of
peak-demand tracking and regime-dependent
forecasting errors.

4.4 Peak-Demand Tracking

Accurate prediction of peak electricity demand is of
particular operational importance, as peak errors
directly affect reserve allocation, balancing actions,
and system security. To assess model performance
under these critical conditions, peak-demand tracking
behavior is examined using weekly peak demand
statistics over the test period. Figure 9 illustrates the
weekly peak load over time and the corresponding
predictions provided by the LSTM, GRU, and
Transformer—LSTM models.

Wieekly Peak Demand (Test Period): Actual vs Deep Leaming Models

— ctudl ks
5™

|— e

— I5TMTransformer

_ 1600
3
<

341108 MAL1S HEEILR LML MRI0B HRSI21S Naen 20250141

Fig. 9: Weekly peak load during the test period,
comparing observed demand with predictions from

the LSTM, GRU, and Transformer—LSTM models
Source: created by the authors.

All models successfully capture the overall trend
and seasonal increase in peak demand toward the end
of the year. However, differences between
architectures become more evident at the weekly
aggregation level, where deviations from observed
peaks are more clearly distinguishable than in hourly
time-series plots. Table 3 quantifies peak-tracking
performance using the mean and maximum absolute
weekly peak error.

Table 3. Weekly Peak Error Statistics (Test Period)

Model Mean |[Peak Max |Peak Error]|
Error| (MW) (MW)

LST™ 2046 [59.45

[GRU 21.84 [36.25

LSTM-

Transformer 28.17 80.96

Source: created by the authors.

The LSTM model shows the lowest mean absolute
peak error (20.46 MW), which corresponds to the best
average peak-tracking performance over the evaluated
weeks. The GRU model provides a similar average
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error (21.84 MW), but it behaves more reliably in
extreme cases, with the smallest maximum absolute
peak error (36.25 MW). In contrast, the Transformer—
LSTM model shows a higher mean absolute peak
error (28.17 MW) and the largest maximum deviation
(80.96 MW), suggesting reduced reliability for
extreme peak prediction under the present evaluation
setup. These results suggest that average accuracy
alone does not fully describe the operational
performance of the forecasting models. Although the
LSTM provides the best results on average, the GRU
model shows better robustness during extreme peak
conditions, which are often the most critical for
system operation. The Transformer—LSTM model
remains competitive in terms of overall accuracy, but
it shows larger variations in peak prediction,
indicating a trade-off between modeling flexibility
and reliability in peak tracking. In general, the peak-
demand analysis shows that the main differences
between the forecasting architectures appear under
extreme operating conditions rather than in the
aggregated error metrics.

4.5 Regime-Based Error Decomposition

While aggregate accuracy metrics provide a useful
summary of overall forecasting performance, they do
not reveal when and under which operating conditions
forecasting errors occur. To address this limitation,
forecasting errors are decomposed by operating
regime using the percentile-based ramp definitions.
Hourly load ramps are classified into ramp-up, ramp-
down, peak, and valley regimes based on load changes
and load percentiles. This regime-aware analysis
enables identification of operating conditions that
dominate forecasting difficulty and highlights
architecture-dependent robustness that is not visible in
average performance metrics. Table 4 summarizes the
MAE values obtained for each model under the
different operating regimes.

Table 4. The Regime-Dependent Forecasting Errors

Operating ||LSTM/MAE [GRU/MAE Ige_xrnl\s}:‘;)l\l;ln;g—
regime  [|((MW) (MW) (MW)

Peak 24.0 22.0 23.0

Hours

Valley 12.4 14.0 11.3

Hours

Ramp-up ||16-2 ”15'4 ”15'6 |
Ramp-—— ;5 | 8.6 8.9

down

Source: created by the authors.
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The most challenging conditions are associated
with ramping events, where rapid changes in demand
occur over consecutive hours. During ramp-up
periods, all models exhibit elevated errors, with MAE
values in the range of approximately 15-16 MW,
indicating comparable sensitivity to sudden demand
increases. In contrast, more pronounced differences
emerge during ramp-down events. The GRU and
Transformer—LSTM models achieve substantially
lower MAE (8.6 MW and 8.9 MW, respectively)
compared with the LSTM model (12.1 MW),
demonstrating improved robustness when demand
decreases sharply. Figure 10 shows that errors are
lowest during valley hours (approximately 11-14
MW across models) and increase during peak hours
(approximately 22-24 MW).

Forecast Error Decomposition by Operating Regime (Q90 Ramp Threshold)

- 1STM
GRU
N STM-Transformer

MAE (MW)

Peak hours Valley hours

Fig. 10: MAE by operating regime (Q90 ramp
threshold)

Source: created by the authors.

Ramp-up Ramp-down

Overall, the regime-based decomposition reveals
that forecasting difficulty is primarily driven by
ramping dynamics, not by high or low demand levels
per se. Moreover, the results demonstrate that gated
and attention-enhanced  architectures provide
improved robustness during ramp-down events, a
property that is not captured by aggregate accuracy
metrics. This finding highlights the importance of
regime-aware evaluation frameworks for short-term
load forecasting in small power systems and provides
actionable insight for operational model selection.

4.6 Representative Segment Comparisons

To verify forecasting stability across different
operating intervals, model performance is illustrated
using representative test segments. The segment-
based comparisons confirm that all evaluated models
consistently reproduce the dominant diurnal load
pattern across multiple weeks, with deviations
primarily occurring during peak and ramping periods.
Differences between architectures are subtle at the
hourly level and become more apparent only under
dynamic conditions, consistent with the regime-based
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analysis presented earlier. Figure 11 illustrates
representative test segments comparing model
forecasts with observed load values.

Seqment 1 Segment 2

Date Date

Fig. 11: Representative segment comparison of one-
hour-ahead load forecasts obtained using the LSTM

and GRU models
Source: created by the authors.

All models reproduce the dominant diurnal pattern
across different operating intervals, with small
deviations mainly occurring during peak and ramping
periods. The comparison confirms stable behaviour
across time and supports the robustness conclusions
drawn from the aggregate and regime-based analyses.

5 Conclusion

The results demonstrate that deep-learning models
provide accurate one-hour-ahead electricity load
forecasts for the Albanian power system, while also
revealing limitations of conventional evaluation
practices based solely on aggregate accuracy metrics.
Although all evaluated architectures achieve very low
overall errors, meaningful performance differences
emerge only when forecasting behavior is examined
under specific operating conditions. The temperature
ablation analysis shows that explicit temperature
inputs do not consistently improve short-horizon
forecasting accuracy and may even degrade
performance for certain architectures, such as the
LSTM. This confirms that, at the one-hour horizon,
recent load history and calendar effects dominate the
predictive information content in small power
systems. The contribution of temperature is therefore
secondary and architecture-dependent, highlighting
the importance of context-aware feature selection
rather than indiscriminate input expansion. A key
insight of this study is that forecasting errors are
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primarily driven by dynamic load transitions, rather
than by high or low demand levels alone. Regime-
based error decomposition reveals that ramping
periods dominate forecasting difficulty, a behaviour
that is not captured by standard accuracy metrics.
During ramp-down events, the GRU and
Transformer—LSTM models behave more robustly
than the LSTM, which suggests that gated and
attention-based architectures handle asymmetric
temporal dynamics more effectively. These results
also show that choosing a forecasting model based
only on average accuracy may be misleading, since
robustness during critical situations, such as peak
demand or rapid load changes, is equally important for
real operation. The proposed regime-aware evaluation
framework provides a practical and transferable
approach for assessing short-term forecasting models
in small and hydro-dominated power systems.

The main findings from the results can be
summarized as follows:

1. All deep-learning models achieve high one-
hour-ahead forecasting accuracy for the Albanian
power system.

2. Temperature inclusion does not consistently
improve short-horizon accuracy, and its impact is
model-dependent.

3. Aggregate accuracy metrics mask operational
risk; peak-demand and worst-case behavior reveal
meaningful differences between models.

4. Forecasting errors are dominated by ramping
dynamics rather than by absolute demand levels.

5.  GRU and Transformer—LSTM models exhibit
improved robustness during ramp-down events, a
behavior revealed only through regime-based
evaluation.

Overall, this work demonstrates that reliable short-
term load forecasting requires regime-aware
evaluation frameworks and that model selection in
small, hydro-dominated power systems must
prioritize robustness under dynamic operating
conditions rather than average accuracy alone.
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