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Accurate one-hour-ahead electricity load forecasting sustains dispatch, reserve
planning, and dependable power-system operation, but additional inputs do not always
improve predictions. This study assesses how different parameter settings contribute to
power demand forecasting. Four long short-term models with a unified architecture were
trained on 48048 hourly observations and a 24-hour window. Input configurations include
historical demand alone, demand with twelve weather variables, demand with two calendar
indicators, or all inputs. Each configuration was trained five times and evaluated on a
chronological test set. The weather-based model achieved the lowest mean errors: a mean
absolute percentage error of 1.599% and a root mean square error of 26.333. The history-
only model remained competitive, while calendar indicators and the all-input model offered
no improvement. Recent demand therefore provides most of the useful information at this
horizon, with lagged weather adding a modest signal. Careful feature selection can reduce
complexity and support interpretable, dependable operational forecasts.
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Short-term load forecasting, which helps maintain the balance between electricity generation and
consumption, is crucial for power dispatch, reserve capacity planning, demand response, and system
reliability. In particular, one-hour-ahead predictions are useful as operators can respond to near-term
changes while recent observations remain relevant.

Recent studies have approached this problem through optimization, decomposition and hybrid
networks. Hong and Chan proposed a method called enhanced elite-based particle swarm
optimization, which was adopted to improve a convolutional network that utilized external variables
including temperature, humidity, weekday, and holiday. It was found that in half of the tests, mean
absolute error (MAE) declined by about 14%, root mean square error (RMSE) decreased by about
15%, and coefficient of determination (R-squared) rose by 0.0347 to 0.1018 in all the tests [1]. Fan
et al. improved a random forest model that only used historical load as input by combining it with
empirical wavelet transform, decreasing mean absolute percentage error (MAPE) by 31.34%, RMSE
by 24.33%, and mean square error (MSE) by 16.14% compared with the normal wavelet transform
random forest model [2]. In summary, it is indicated that the prediction accuracy can be enhanced
through model optimization, signal decomposition, and hybrid architectures.

© 2026 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
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For LSTM-based research, Wang et al. used apparent temperature and weekday as external
variables, observing that the average MAPE was reduced from 53.77% to 48.46% [3]. For
commercial buildings, Chitalia et al. compared various feature sets and found that external variables
including outside temperature, hour of day, and weekday were most beneficial to the model
performance [4]. Eskandari et al. conducted an experiment on feature ablation, which showed that
with the integration of external variables including temperature, season, weekday, and holiday,
MAPE was reduced by 8.2% [5]. Mansoor selected month and historical load as model inputs. By
introducing a graph convolutional network, the MAE of the LSTM model was decreased by 0.18%
[6]. Consequently, leveraging auxiliary variables to improve model performance has become a
common approach in this field.

For long-term forecasting, macroscopic variables such as weather and population provide more
predictive information than recent load as they enhance the model performance greatly [7]. As the
forecasting horizon narrows down, the smaller the time distance between historical load and
predicted target is, the more information the historical load will have [8]. Meteorological and
calendar variables probably provide only limited incremental information. The purpose of this study
is to determine the marginal predictive value of meteorological and calendar information for one-
hour-ahead load forecasting, helping the readers to select appropriate inputs when predicting short-
term load.

The data used in this study were downloaded from a Kaggle mirror of the Short-term electricity load
forecasting (Panama case study) dataset, which was published by Aguilar Madrid [9]. The dataset
covers 48048 hourly observations from 3 January 2015 at 1:00 to 27 June 2020 at 0:00 with no
duplicate timestamps or missing values. The time index is continuous at one-hour intervals. The
dataset also contains meteorological measurements from Tocumen, Santiago, and David, together
with calendar information. The dataset is suitable for this study because it not only provides a
continuous hourly time series of national electricity demand (NED), but also includes various inputs,
which enable a controlled comparison of historical load, weather, and calendar inputs.

During a data-quality check, it was found that there were 13 abnormally low NED records as they
were below the empirical second percentile of the NED series. At the same time, it was lower than
60% of the median load levels for the same weekdays and the same times in the previous and
following four weeks. Considering that these unusual values only lasted for one to five hours, they
were replaced using linear interpolation between adjacent valid hourly observations, as it can
maintain the feature of the current load as well as the short-term trend of changes. NED was used as
the forecasting target. The meteorological features consist of temperature (T2M), specific humidity
(QV2M), liquid precipitation (TQL), and wind speed (W2N) for each of the three cities. Calendar
information includes Holiday ID, holiday, and school. Holiday ID was excluded as it represents
nominal holiday categories rather than ordered numerical quantities. Using this input may cause an
artificial ordinal relationship among holiday types. The binary holiday and school inputs were
reserved as they represent road schedule effects.
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Long Short-Term Memory (LSTM) is a gated recurrent network designed to model temporal
dependencies while reducing the vanishing-gradient problem of conventional RNNs. As shown in
Figure 1, its cell state carries information across time. The forget gate controls retained memory, the
input gate controls new candidate information, and the output gate produces the hidden state.
Sigmoid and hyperbolic tangent functions bound these signals, enabling LSTM to learn short- and
long-term load patterns [3]. This gated design makes LSTM particularly suitable for hourly
electricity-load forecasting, where recent demand, daily cycles, and longer calendar-related patterns
may jointly affect future load. Compared with a conventional RNN, LSTM can selectively retain
relevant historical information and discard less useful information, enabling it to model nonlinear
relationships between past load, weather, calendar conditions, and future demand.
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Figure 1. Structure and information flow of an LSTM memory unit [3]

The calculation proceeds in four stages. First, the forget gate f; assigns values between 0 and 1 to
the previous cell state and therefore determines how much earlier information is retained. Second,

the input gate 4; controls the contribution of the candidate memory C}, which is formed from the
current input and the previous hidden state. Third, C; combines the retained memory with the
selected new information. Finally, the output gate o filters the transformed cell state to produce h;,
which is passed to the next time step and, in the stacked network, to the next LSTM layer.

Figure 2 summarizes the four feature groups. LSTM-History uses lagged NED only (d = 1),
which serves as a baseline. LSTM-Weather adds 12 meteorological variables from Tocumen,
Santiago, and David (d = 13), enabling the model to examine whether meteorological information
can supplement more changes. LSTM-Calendar adds the binary holiday and school indicators (d =
3), while LSTM-Select-All combines demand, all weather variables, and both calendar indicators (d
= 15). Datetime orders the observations rather than serving as a numerical input. Each model uses
only the preceding 24 hours to forecast demand at an hour.
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Figure 2. Four-group LSTM feature-ablation experiment (original)

The 24-hour lookback produces 48,024 sequences, divided chronologically into 33,616 training
(70%), 7,204 validation (15%), and 7,204 test samples (15%). This split reflects forecasting later
demand from earlier observations and prevents future information from entering training. Input
scalers are fitted separately for each feature group using training data, while one common target
scaler is fitted to training targets. The fitted scalers are then applied unchanged to validation and test
data.

All configurations use the same architecture and training settings; only d changes. Each 24 x d
sequence enters two 64-unit LSTM layers with dropout 0.2 and a 64-32-1 ReLU regression head.
Mini-batches contain up to 128 sequences. Training uses MSE loss, Adam (learning rate 0.001), and
gradient clipping at 1.0. Parameter count ranges from 52,545 for LSTM-History to 56,129 for
LSTM-Select-All.

Each configuration is trained for 100 epochs with seeds 42-46. The checkpoint with the lowest
validation loss is retained, without using the test set for selection. After inverse scaling, MAE,
MAPE, RMSE, and R-squared are calculated for each run. Table 3 reports mean MAPE and RMSE
across the five runs because these metrics express relative and scale-dependent error, respectively.
Standard deviations and additional metrics are retained as diagnostics.

3. Results
3.1. Comparative forecasting performance

Table 1 reports mean test-set MAPE and RMSE across five 100-epoch runs. The four models use
History (d = 1, demand only), Weather (d = 13, demand plus 12 weather variables), Calendar (d = 3,
demand plus holiday and school), and Select-All (d = 15, all inputs). The lowest-validation-loss
checkpoint is evaluated for each seed, and lower metric values indicate better performance.

Table 1. Mean test-set performance of the four LSTM feature groups across five runs

Model Input dimension (d) MAE  MAPE (%) RMSE R-squared
LSTM-History 1 19.351 1.625 27.244 0.9782
LSTM-Weather 13 19.054 1.599 26.333 0.9796

LSTM-Calendar 3 19.767 1.672 28.076 0.9768
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Table 1. (continued)
LSTM-Select-All 15 19.553 1.647 27.278 0.9781

LSTM-Weather performed best, with a MAPE of 1.599% and an RMSE of 26.333; its RMSE was
3.34% below LSTM-History. LSTM-History ranked second (1.625%, 27.244). LSTM-Select-All
was close to the history baseline (1.647%, 27.278), whereas LSTM-Calendar performed worst
(1.672%, 28.076). Thus, weather improved average accuracy, but adding calendar indicators did not
preserve that gain.

Predictions cover all 7,204 test hours from 31 August 2019 to 27 June 2020. Figure 3 enlarges the
17-hour interval with the greatest normalized mean pairwise separation among model predictions.
The excerpt, from 22:00 on 18 January to 14:00 on 19 January 2020, was selected only after
predictions had been generated for the complete test set. It is therefore a visual aid rather than a
separate test. Each curve uses the run with the lowest validation loss; solid black lines and distinct
markers distinguish the series.
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Figure 3. Enlarged 17-hour excerpt selected from the complete test-set prediction curves to show
differences among the four LSTM feature groups (original)

The excerpt reveals different responses to the overnight decline and morning increase. LSTM-
History is initially closest to the high observed demand, while LSTM-Weather and LSTM-Calendar
generally predict a lower trough. During the morning rise, LSTM-History, LSTM-Weather, and
LSTM-Calendar respond relatively quickly, whereas LSTM-Select-All responds more slowly.
LSTM-History then briefly overpredicts before the curves converge later in the interval. These are
local behavioural differences; the overall ranking is based on all 7,204 test observations.

Overall, the comparison results suggest that the predictive value of a set of features depends on
whether it provides more information beyond what the recent load alone provides. Therefore, a
possible mechanism will be explored in the following paragraphs.
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The enhanced performance of LSTM-Weather can be regarded as evidence that meteorological
information provides a supplementary signal. Variables such as temperature and humidity assist the
model in discriminating similar load patterns, and these patterns may display different evolution
trends under various weather conditions. This accords with previous studies where temperature
information was claimed to affect prediction accuracy [10, 11].

LSTM-Calendar has a weaker performance, maybe because calendar information was represented
by binary indicators, which can not comprehensively capture the hourly variations of time and the
patterns of working days. Recent evidence suggests that explicit calendar-state encoding can
improve load forecasting accuracy [12].

The fact that LSTM-Select-All does not provide additional gains indicates that adding more
variables does not lead to better prediction. Some of the inputs may be redundant. Using the same
dataset, Yang et al. reported an overall mean variance inflation factor (VIF) of 6.33, where the VIFs
for T2M of David, Santiago, and Tocumen were 15.26, 20.28, and 11.31, respectively [13]. These
values exceed the commonly used VIF = 10 benchmark for very strong multicollinearity [14].
Furthermore, they may increase the difficulty for the model to learn patterns from the existing data.
This exploration is consistent with Zhang et al., who found that selecting an appropriate number of
weather variables may be more effective than using all available meteorological inputs [15].

Short-term electricity load forecasting supports reliable dispatch and reserve planning, but adding
more inputs does not automatically improve LSTM performance. This study compared four LSTM
models with different input settings. Among the four controlled feature groups, LSTM-Weather
achieved the lowest test errors, with a MAPE of 1.599% and an RMSE of 26.333. LSTM-History,
utilizing only past demand, remained competent. However, LSTM-Calendar performed the worst,
and LSTM-Select-All did not outperform the weather-based model. The results show that recent
demand carries most of the useful information for one-hour-ahead forecasting, while meteorological
data supplies a measurable complementary signal.

The results of this ablation experiment indicate that integrating more parameters does not always
improve the accuracy of predictions and helps to clarify which variety of information genuinely
benefits the prediction accuracy. The finding is beneficial for grid operators to reduce unnecessary
variables while maintaining accuracy. For other researchers, the finding indicates that selecting
appropriate inputs is another way to improve model performance. Nevertheless, this study is limited
to one dataset, a chronological test period, a model architecture, and five random seeds. Therefore,
future work should apply rolling-origin evaluation and Diebold-Mariano tests to examine whether
the performance among feature groups is statistically significant. Additionally, more model
architectures and combinations of inputs and datasets should be explored.
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