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Accurate short-term electricity load forecasting is essential for reliable operation of modern power systems
and smart grid infrastructures. This study investigates the temporal dependency structure of household
electricity consumption using supervised machine learning techniques. The forecasting task is formulated as
a regression problem based on lagged load values, calendar-related temporal features, and exogenous
meteorological variables, including air temperature, relative humidity, precipitation, and wind speed. Linear
Regression is employed as a benchmark model, while Random Forest is used as a nonlinear ensemble
approach. Model performance is evaluated using Mean Absolute Error, Root Mean Square Error, and Mean
Absolute Percentage Error under chronological train-test splitting in order to preserve temporal causality. In
addition, lag-window sensitivity analysis, walk-forward validation, multi-step forecasting horizon analysis,
and feature importance assessment are conducted. The Random Forest model with weather variables achieved
the best one-hour-ahead forecasting performance, with MAE of 0.397, RMSE of 0.552, and MAPE of 54.27%.
The results show that recent load history and daily periodicity remain the dominant predictors, while
meteorological variables provide a limited but measurable contribution. The findings support the use of
ensemble learning for short-term load forecasting analysis and highlight the need for further refinement when
applying such models to highly volatile residential consumption patterns.

These methods are computationally efficient and
interpretable; however, they may have limited ability
to represent nonlinear relationships and complex

Short-term electricity load forecasting plays an
important role in modern power system operation,
generation scheduling, demand-side management,
and smart grid analytics [1], [2]. Reliable forecasts
help system operators anticipate near-future demand,
allocate reserves more efficiently, and reduce the
risks associated with inaccurate balancing decisions.
At the residential level, load forecasting is
particularly ~ challenging  because  household
electricity consumption is affected by irregular user
behavior, appliance usage patterns, daily routines,
and seasonal variations.

Traditional forecasting approaches are commonly
based on statistical methods such as autoregressive
models and linear regression techniques [3], [4].
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temporal dependencies in highly variable residential
load data. Machine learning methods have therefore
received increasing attention as flexible data-driven
alternatives for short-term forecasting tasks [5] - [8].

In electricity consumption analysis, historical
load values are usually the primary source of
predictive information because they reflect short-
term inertia and recurring daily patterns.
Nevertheless, external drivers may also influence
demand behavior. Meteorological conditions,
especially air temperature and humidity, can affect
household electricity use through heating, cooling,
and ventilation needs. For this reason, the present
revised study does not rely exclusively on
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endogenous lag-based predictors, but also evaluates
the contribution of exogenous weather variables to
forecasting performance.

The objective of this work is to analyze the
temporal dependency structure of household
electricity demand and to evaluate the effectiveness
of ensemble learning for short-term load forecasting.
Linear Regression is used as a benchmark model,
while Random Forest is applied as a nonlinear
ensemble method. The study further investigates the
influence of lag-window length, walk-forward
temporal robustness, multi-step forecasting horizons,
and feature importance. In addition, a model
configuration with meteorological variables is
examined in order to assess whether exogenous
information improves forecasting quality for
residential electricity consumption.

2 METHODOLOGY

This study develops a supervised machine learning
framework for short-term household electricity load
forecasting. The methodological design is focused on
two related objectives. First, it examines how
historical load observations and calendar-related
temporal variables explain near-future demand.
Second, it evaluates whether the inclusion of
exogenous meteorological variables improves
forecasting accuracy. The overall workflow consists
of data acquisition, preprocessing and hourly
aggregation, weather data integration, supervised
feature construction, model training, chronological
validation, and performance evaluation.

2.1 Dataset Description

The electricity consumption data used in this study
were obtained from the publicly available Individual
Household Electric Power Consumption dataset [9].
The dataset contains minute-level electrical
measurements collected from a single household
located in Sceaux, France, approximately 7 km from
Paris. The original observation period extends from
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16 December 2006 at 17:24 to 26 November 2010 at
21:02.

The raw dataset contains 2,075,259 minute-level
records. Among these records, 25,979 values of the
target variable, Global active power, were missing
and were removed during preprocessing. The variable
Global active power represents the household’s total
active power consumption and is used as the
forecasting target in this study.

To address the reviewer’s concern regarding
external explanatory factors, hourly meteorological
variables were additionally incorporated for the same
geographical area and time period [10]. The weather
variables include air temperatures at 2 m, relative
humidity at 2 m, precipitation, and wind speed at 10
m. These variables were aligned temporally with the
electricity consumption series and used as exogenous
predictors in the extended forecasting configuration.

2.2 Data Preprocessing and Hourly
Aggregation

The original load data were processed in several
stages before model construction. First, the date and
time columns were combined into a unified
timestamp. Second, Global active power was
converted to numeric format, while invalid and
missing target values were removed. Third, the
minute-level observations were resampled into
hourly mean active power values in order to construct
a forecasting dataset suitable for short-term hourly
prediction.

After cleaning and hourly aggregation, the
electricity load series contained 34,168 valid hourly
observations covering the period from 16 December
2006 at 17:00 to 26 November 2010 at 21:00. The
weather data were then merged with the hourly load
series using timestamp alignment. The final merged
dataset retained the same 34,168 hourly observations,
ensuring a consistent temporal basis for all
forecasting experiments.

The overall workflow of the proposed forecasting
framework is illustrated in Figure 1.
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Figure 1: Overall workflow of the proposed short-term electricity load forecasting framework.

2.3 Time-Series Formulation of the
Forecasting Problem

Short-term load forecasting is formulated as a
supervised regression problem. Let L(t) denote the
hourly mean household active power consumption at
time t. The objective is to estimate the future
electricity load at forecasting horizon h:

Lt+h) =f(x®), (1)

where L(t + h) is the predicted load value h hours
ahead, f is the forecasting model, and x(t) is the
feature vector available at time t.

In this study, the forecasting horizon h is varied in
order to analyze how prediction accuracy changes as
the forecast extends further into the future. The main
one-hour-ahead prediction task is used for baseline
model comparison, while additional experiments
consider horizons of 3, 6, 12, and 24 hours.

The feature vector x(t) is constructed from three
groups of predictors:
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1) Lagged historical load values.
2) Calendar-related temporal attributes.
3) Exogenous meteorological variables.

This formulation makes it possible to investigate
both the internal temporal dependency structure of the
electricity load series and the additional contribution
of external weather conditions.

2.4 Feature Construction

The forecasting features are designed to capture
short-term inertia, cyclic demand behavior, and
weather-related influences on houschold electricity
consumption.

Lag-based features are constructed from previous
load observations. For a selected lag-window length
n, the model receives the set of historical values:

L(t — 1),L(t = 2),.,L(t = n). (2

Four lag-window configurations are examined in
this study: n = 6, n = 12, n = 24, and n = 48 hours.
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This allows assessment of how much historical
memory is required for accurate short-term
prediction.

Calendar-related temporal features include hour
of day, day of week, and month. These attributes are
used to represent recurring daily, weekly, and
seasonal consumption patterns that are common in
residential electricity demand.

In the extended exogenous configuration, four
meteorological variables are additionally included:

1) Air temperature at 2 m.
2) Relative humidity at 2 m.
3) Precipitation.

4) Wind speed at 10 m.

These weather variables are temporally aligned
with the forecasted hour and are used to evaluate
whether external environmental conditions improve
forecasting accuracy compared with models relying
only on internal load history and calendar
information.

2.5 Forecasting Models

Two regression models are applied in this study:
Linear Regression and Random Forest. Linear
Regression is used as an interpretable benchmark
model, while Random Forest is selected as a
nonlinear ensemble method capable of capturing
more complex relationships among lagged load
values, temporal attributes, and weather variables.

The Linear Regression model estimates the future
load as a weighted linear combination of input
features:

L(E+h) = By + Brxs (£) + Boxz () + - + Bpxp(2), (3)

where f, is the intercept term, By, B, ..., B, are
regression coefficients, and x;(t), x,(t) ..., x,(t)
are the predictors included in the feature vector x(t).

Random Forest is an ensemble learning method
that combines the outputs of multiple regression trees.

Each individual tree produces its own load
forecast, and the final prediction is calculated as the
average of all tree-based outputs:

L(t + h) = izzlem(X(t)), “)

where M is the total number of regression trees and
Tm(X(t)) denotes the prediction generated by the m-
th tree.

To evaluate the effect of external weather
information, both forecasting algorithms are tested
under two feature configurations:

1) Endogenous configuration: lagged load values
and calendar-related temporal attributes.
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2) Exogenous configuration: lagged load values,
calendar-related temporal attributes, and
meteorological variables.

This design enables a controlled comparison of
linear and nonlinear forecasting models, as well as an
assessment of whether weather-related predictors
improve short-term household load prediction.

2.6 Validation Strategy

A chronological validation strategy is applied in order
to preserve the temporal structure of the forecasting
problem and avoid information leakage. Since
electricity load forecasting is inherently time
dependent, random shuffling of observations is not
used. Instead, the observations are ordered by
timestamp before training and testing.

For the main one-hour-ahead model comparison,
lag-window analysis, and forecasting horizon
experiments, the first 80% of the available
observations are used for model training, while the
remaining 20% are reserved for out-of-sample
testing. This approach ensures that future load
information is never used to predict earlier periods.

In addition to the fixed chronological split, walk-
forward validation is conducted to assess the temporal
robustness of the final Random Forest model with
weather variables. Three sequential expanding-
window splits are considered:

1) The first 50% of the data are used for training,
and the following 15% are used for testing.

2) The first 65% of the data are used for training,
and the following 15% are used for testing.

3) The first 80% of the data are used for training,

and the remaining 20% are used for testing.

This validation procedure provides additional
insight into how forecasting accuracy changes across
different temporal segments of the dataset.

2.7 Evaluation Metrics

Forecasting performance is evaluated using three
complementary error metrics: Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and Mean
Absolute Percentage Error (MAPE). These indicators
provide different perspectives on prediction quality
and are widely used in short-term load forecasting
studies. MAE measures the average absolute
difference between the actual and predicted load
values:

1 . A
MAE = <X, |yi — Jil, (5)

where:
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= yi is the actual load value;
= Vi is the predicted load value;
= N is the number of test observations.

RMSE is defined as:

RMSE = J%Z?ﬂ(yi—}?i)z, (6)

and assigns stronger penalties to larger deviations.
Therefore, RMSE is particularly informative when
evaluating errors during local demand peaks or abrupt
changes in electricity consumption.

MAPE is calculated as:

N o
MAPE = ﬂz [P, %)
N o=l i

MAPE expresses the forecasting error in

percentage terms and enables relative interpretation

of model accuracy. However, its magnitude may

become large when actual load values are

comparatively low. For this reason, MAPE is

interpreted jointly with MAE and RMSE rather than
as a standalone measure.

3 RESULTS AND DISCUSSION

This section presents the experimental results
obtained from the revised forecasting framework. The
analysis begins with a comparison of linear and
nonlinear models under endogenous and exogenous
feature configurations. It then examines the influence
of lag-window length, temporal robustness under
walk-forward  validation, forecasting horizon
sensitivity, and the relative importance of individual
predictors.

3.1 Baseline Model Comparison and
Effect of Weather Variables

The first experiment evaluates one-hour-ahead
forecasting performance using a 24-hour lag window.

Four model configurations are compared: Linear
Regression with endogenous temporal features,
Linear Regression with additional weather variables,
Random Forest with endogenous temporal features,
and Random Forest with additional weather variables.
The results are summarized in Table 1.

Table 1 shows that Random Forest consistently
outperforms Linear Regression in both feature
configurations. For the endogenous models, the
nonlinear ensemble approach reduces MAE from
0.452 to 0.399 and RMSE from 0.606 to 0.555. This
confirms that short-term household electricity
demand contains nonlinear temporal relationships
that are not fully captured by a purely linear baseline.

The inclusion of meteorological variables
produces a modest improvement in both models. For
Linear Regression, MAPE decreases from 64.19% to
63.11%. For Random Forest, MAE decreases from
0.399 to 0.397, RMSE decreases from 0.555 to 0.552,
and MAPE decreases from 54.47% to 54.27%.
Although the gain is limited, the result indicates that
weather conditions provide additional explanatory
information beyond historical load and calendar-
related temporal features.

The Random Forest model with weather variables
achieves the best overall one-hour-ahead
performance and is therefore used as the principal
configuration for the subsequent lag-window, walk-
forward, forecasting horizon, and feature importance
analyses. At the same time, the remaining MAPE
above 50% indicates that residential household load
remains highly volatile and difficult to predict
accurately using a compact feature set. Consequently,
MAPE is interpreted together with MAE and RMSE
rather than in isolation.

The visual behavior of the best-performing
configuration is illustrated in Figure 2, which
compares actual hourly household load values with
the predictions generated by the Random Forest
model with weather variables for a representative
segment of the test period.

Table 1: One-hour-ahead forecasting performance with and without weather variables.

Model Feature Configuration MAE RMSE MAPE (%)
Linear Regression Endogenous 0.452 0.606 64.19
Linear Regression Endogenous and Weather 0.450 0.605 63.11

Random Forest Endogenous 0.399 0.555 54.47
Random Forest Endogenous + Weather 0.397 0.552 54.27
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Figure 2: Actual and predicted household electricity load for one-hour-ahead forecasting using Random Forest with weather

variables.

As shown in Figure 2, the model follows the
general temporal evolution of household electricity
demand and reproduces the main fluctuations in the
test sequence. The predicted curve responds to
changing demand levels and captures the broader
short-term pattern of the observed load.

Nevertheless, local deviations remain visible
during sharper changes in consumption. Abrupt peaks
and rapid transitions are smoothed by the model,
which is consistent with the RMSE value reported in
Table 1. This behavior is typical for residential load
forecasting, where individual appliance usage and
irregular household activity can generate sudden
variations that are difficult to infer from historical
load, calendar attributes, and weather information
alone.

The figure therefore supports the numerical
results: the Random Forest model with weather
variables provides a reasonable short-term
representation of load dynamics, but it does not
eliminate the intrinsic volatility of single-household
electricity consumption.

3.2 Lag-Window Sensitivity Analysis

To evaluate the influence of historical memory length
on forecasting performance, the Random Forest
model with weather variables was tested using lag
windows of 6, 12, 24, and 48 hours. This experiment
assesses whether the inclusion of a longer sequence
of previous load values provides additional predictive
benefit for one-hour-ahead household electricity
forecasting. The results are presented in Table 2.
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Table 2: Lag-window sensitivity analysis for Random
Forest with weather variables.

Lag Window (h) MAE | RMSE | MAPE (%)
6 0410 | 0.565 58.26
12 0.399 | 0.554 54.96
24 0.397 | 0.552 54.27
48 0.397 | 0.553 54.00

Table 2 shows that expanding the lag window
from 6 to 12 hours produces a clear improvement in
forecasting accuracy. MAE decreases from 0.410 to
0.399, while MAPE decreases from 58.26% to
54.96%. This indicates that very short historical
windows may not provide sufficient temporal context
for household load prediction.

A further increase from 12 to 24 hours leads to a
smaller additional improvement. The 24-hour
window achieves MAE 0f 0.397, RMSE 0f 0.552, and
MAPE of 54.27%, indicating that one full daily cycle
of historical information is useful for representing
recurring residential demand patterns.

The 48-hour configuration yields the lowest
MAPE value of 54.00% and a marginally lower MAE
than the 24-hour configuration. However, the
difference is very small, and RMSE slightly increases
from 0.552 to 0.553. Therefore, the results suggest
that most of the useful historical information is
already captured within a 24-hour window, while
extending the memory to 48 hours provides only
limited additional benefit.

The behavior of MAE across the tested lag-
window configurations is illustrated in Figure 3.
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Impact of Lag Window Size on Forecasting Error
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Figure 3: Impact of lag-window size on MAE for Random Forest with weather variables.

Figure 3 confirms that the largest improvement
occurs when the historical window is increased from
6 to 12 hours. Beyond 24 hours, the MAE curve
becomes nearly flat, which reinforces the conclusion
that extending the lag structure further does not
substantially  improve  short-term  forecasting
performance. This finding supports the use of a
compact 24-hour lag window as a balanced
configuration for the subsequent analysis.

3.3 Walk-Forward Validation

To assess the temporal robustness and generalization
capability of the selected forecasting configuration,
walk-forward validation was conducted using three
sequential expanding-window splits. In each split, the
Random Forest model with weather variables was
trained only on earlier observations and evaluated on

a later unseen period. The results are summarized in
Table 3.

Table 3: Walk-forward validation results for Random
Forest with weather variables.

Split MAE RMSE MAPE (%)
1 0.460 0.645 57.60
2 0.417 0.591 57.68
3 0.397 0.552 54.27

Table 3 demonstrates that the forecasting model
maintains a comparable level of performance across
different temporal segments of the dataset, although
the magnitude of the error varies over time. The first
split produces MAE of 0.460 and RMSE of 0.645,
indicating relatively higher prediction difficulty in the
corresponding testing period. In the second split,
MAE decreases to 0.417 and RMSE to 0.591. The
third split provides the best performance, with MAE
0f 0.397 and RMSE of 0.552.
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The MAPE values remain within a relatively
narrow range from 54.27% to 57.68%. This indicates
that the model does not experience an extreme
collapse in generalization capability when evaluated
on later unseen intervals. At the same time, the
differences among splits confirm that residential
household load is temporally heterogeneous and that
forecasting accuracy depends on the characteristics of
the specific evaluation period.

Overall, the walk-forward validation results
support the temporal consistency of the proposed
forecasting framework while also highlighting the
persistent challenge of accurately modeling irregular
household electricity consumption.

3.4 Multi-Step Forecasting Behavior

The effect of forecasting horizon length was
evaluated for 1-, 3-, 6-, 12-, and 24-hour-ahead
prediction tasks. For all horizons, the Random Forest
model with weather variables and a 24-hour lag
window was used. This experiment examines how
forecasting accuracy changes as the target prediction
point moves further into the future. The results are
presented in Table 4.

Table 4: Multi-step forecasting performance of Random
Forest with weather variables.

Forecast
Horizon (h) MAE RMSE | MAPE (%)
1 0.397 0.552 54.27
3 0.423 0.580 58.90
6 0.428 0.587 60.12
12 0.435 0.597 61.58
24 0.444 0.606 64.07
Table 4 shows a gradual deterioration in

forecasting performance as the prediction horizon
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increases. The one-hour-ahead configuration
achieves the best accuracy, with MAE of 0.397,
RMSE of 0.552, and MAPE of 54.27%. When the
horizon is extended to 3 hours, MAE increases to
0.423 and MAPE rises to 58.90%.

The degradation continues for longer forecasting
horizons. At 24 hours ahead, MAE reaches 0.444,
RMSE increases to 0.606, and MAPE rises to
64.07%. This pattern indicates that the available
lagged load history, calendar attributes, and weather
variables become progressively less informative as
the forecasted time point moves further away from
the latest known observations.

Although the error increase is not abrupt, the
results clearly demonstrate that the proposed
framework is most suitable for ultra-short-term
forecasting, particularly within the 1- to 3-hour-ahead
range. For longer prediction horizons, more advanced
temporal modeling strategies or richer explanatory
information may be required.

The increase in forecasting error across prediction
horizons is illustrated in Figure 4.

Figure 4 visually confirms the progressive growth
of MAE as the forecasting horizon extends. The curve
rises most noticeably between the one-hour and three-
hour horizons and continues to increase more
gradually thereafter. This behavior reflects the
accumulation of prediction uncertainty in multi-step
residential load forecasting and supports the
conclusion that short-term temporal dependencies are
most informative for near-future demand estimation.

3.5 Feature Importance Analysis

To identify the predictors that contribute most
strongly to one-hour-ahead load forecasting, feature
importance analysis was performed for the Random
Forest model with weather variables. This analysis
provides additional interpretation of the forecasting
framework by showing which historical, temporal,
and meteorological variables have the greatest
influence on the model output.

The relative importance of the most influential
predictors is shown in Figure 5.

Figure 5 shows that the most influential predictor
is the immediately preceding load value, load lag 1,
with an importance score of approximately 0.260.
This confirms the strong short-term inertia of
household electricity demand, where the current
consumption level is highly informative for the next-
hour forecast.

The second most important predictor 1is
load lag 23, followed by the cyclic hour-related
variables. This result indicates that daily periodicity
plays a substantial role in the forecasting process. The
prominence of load values observed approximately
one day earlier, together with hour-of-day indicators,
supports the interpretation that residential demand
contains recurring daily behavioral patterns.
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Figure 4: Forecasting error versus prediction horizon for Random Forest with weather variables
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Top 15 Feature Importances: Random Forest + Weather
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Figure 5: Feature importance ranking for the Random Forest model with weather variables.

Among the meteorological variables, air
temperature appears within the ten most influential
predictors. Although its contribution is smaller than
that of the dominant lag-based features, its presence
confirms that weather conditions provide measurable
additional information for short-term household load
prediction. This finding is consistent with the model
comparison results in Table 1, where the inclusion of
weather variables produced a modest improvement in
forecasting accuracy.

Overall, the feature importance analysis
demonstrates that the proposed model is primarily
driven by recent load history and daily cyclic
behavior, while exogenous weather information acts
as a secondary but relevant explanatory factor.

4 CONCLUSIONS

This study investigated short-term household
electricity load forecasting through a supervised
machine learning framework focused on temporal
dependency analysis. In response to the need for a
more comprehensive forecasting design, the revised
methodology incorporated not only lagged load
observations and calendar-related temporal features,
but also exogenous meteorological variables,
including air temperature, relative humidity,
precipitation, and wind speed.
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The experimental results showed that Random
Forest consistently outperformed Linear Regression
in one-hour-ahead forecasting. The best-performing
configuration, Random Forest with weather
variables, achieved MAE of 0.397, RMSE of 0.552,
and MAPE of 54.27%. The inclusion of weather
information produced a modest but measurable
improvement compared with the endogenous-only
Random Forest model, indicating that meteorological
conditions contribute additional explanatory value,
although they do not dominate the forecasting
process.

Lag-window sensitivity analysis demonstrated
that extending historical memory from 6 to 24 hours
improves model accuracy, while further expansion to
48 hours provides only marginal additional benefit.
This finding suggests that a one-day historical
window is sufficient to capture most of the relevant
short-term temporal structure in the analyzed
residential load series.

Walk-forward validation confirmed that the
forecasting framework maintains broadly consistent
performance across sequential temporal segments,
while still reflecting the intrinsic heterogeneity of
household electricity consumption. Multi-step
horizon analysis further revealed that forecasting
accuracy gradually deteriorates as the prediction
horizon increases, supporting the conclusion that the
proposed approach is most appropriate for ultra-
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short-term applications, particularly within the 1- to
3-hour-ahead range.

Feature importance analysis showed that the
immediately preceding load value, daily lag-related
information, and hour-of-day variables are the
dominant predictors. Air temperature also appeared
among the most influential variables, confirming that
weather effects are present but secondary relative to
internal load dynamics.

Overall, the study demonstrates that ensemble
learning can effectively capture nonlinear temporal
dependencies in household electricity demand and
that the inclusion of meteorological variables
provides a limited but meaningful enhancement. At
the same time, the remaining MAPE values indicate
that single-household load forecasting remains a
challenging problem due to irregular consumer
behavior and abrupt demand fluctuations. Future
research should therefore consider richer behavioral
indicators, appliance-level information, probabilistic
forecasting strategies, and advanced temporal models
to further improve predictive robustness.
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