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Abstract. The growing need for intelligent energy management systems has also highlighted the importance of
accurate, interpretable models for household energy consumption forecasting. This paper presents an explainable
multi-horizon deep learning model for forecasting household electricity consumption at hourly, daily, and weekly
time horizons. The proposed model combines optimised preprocessing, appliance-level energy decomposition, and
sequence-to-sequence recurrent models such as Long Short-Term Memory (LSTM) and Gated Recurrent Unit
(GRU) networks. To improve the interpretability of the proposed model, SHAP feature attribution and permutation
importance analysis are used to explain the effect of historical consumption patterns and appliance-level features
on the forecasting results. The proposed model forecasts multi-horizon energy consumption while providing
appliance-level information. The experimental results show high forecasting accuracy across various time
horizons. The proposed system improves the interpretability and trustworthiness of deep learning models in energy
management systems.
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1 Introduction.

As the use of smart energy management systems (SEM) continues to expand, there is a growing
need for accurate forecasts of household energy consumption. Accurate forecasts of electricity
consumption can enable efficient energy distribution, demand management, and cost savings.
The growing use of smart meters provides us with high-resolution energy data. However, the
challenge remains modelling household energy consumption due to the nonlinear, seasonal,
and appliance-specific variations in the data. Traditional statistical models cannot handle time-
based relationships in this data; therefore, deep learning models have been successful in
forecasting time series. In particular, sequence models such as Long Short-Term Memory
(LSTM) networks and Gated Recurrent Unit (GRU) networks. Deep learning models can learn
long-term dependencies and nonlinear relationships from past data. However, deep learning
models are considered black boxes, making it difficult to interpret how they make predictions.
In energy management, a lack of interpretability may hinder the adoption of the models.

To address these challenges, the proposed project aims to develop an explainable framework
for multi-step household energy forecasting. The proposed framework can predict electricity
consumption at hourly, daily, and weekly levels. The framework is also designed to offer
appliance-level details, providing a better understanding of energy consumption patterns. In
addition, a miscellaneous load is also considered to provide a comprehensive view of total
energy consumption.

The forecasting system employs sequence-to-sequence LSTM and GRU models for multi-
horizon forecasting. Both models are compared in the same experimental setup to enable a fair
comparison. To enhance explainability, SHAP-based feature attribution and permutation
importance are employed to assess the effect of past inputs and appliance-level features on the
forecasting task. This makes it possible to analyse the effect of appliances on energy use and
the role of time periods in determining energy consumption. By combining forecasting
accuracy with explainability, the new model promotes accurate, yet interpretable, automated
smart energy management.
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1.1 Main Contributions
. Developed a sequence-to-sequence deep learning model for energy consumption
prediction.

. . . . 309 .
o We applied two new load prediction methods to forecast combined appliance-level
decomposition and miscellaneous load.
. We evaluated models by comparing LSTM against GRUs under identical experimental
conditions.
o We used SHAP values and permutation importance to analyse different features and
time steps.
. Model performance was evaluated at hourly, daily, and weekly granularity.
. Developed an interpretable model for intelligent energy management.

2 Literature survey

The development of deep learning techniques has shifted the focus from traditional statistical
approaches to more advanced predictive models for household energy consumption. Most
early energy consumption forecasts were developed using time-series models (e.g., ARIMA)
that were effective for predicting stable linear loads but less effective for modelling non-linear,
highly variable data (e.g., smart meter data) (1). While various improvements to statistical
models were made by decomposing seasonal components from time series data and estimating
trends, they were still unable to capture complex temporal dependencies (2) adequately.
Multiple studies indicate that precise forecasting one day ahead is essential to maintaining the
effective operation and reliability of the electric grid within electricity mandates (e.g.,
balancing, curtailments) (3). Machine learning prediction models, such as SVR, were
developed to overcome the limitations of traditional time-series models for modelling complex
nonlinear data sets (4). For electricity load forecasting tasks, ensemble learning techniques such
as random forests significantly improved predictive accuracy and reduced predictive model
overfitting (5). Due to deep learning methods' superior ability to automatically build
hierarchical feature representations from raw data, neural network prediction models are the
most successful forecasting methods in the literature (6). The Long Short-Term Memory
(LSTM) network was proposed to address the vanishing gradient problem and to model long-
term dependencies in sequential data effectively, making it well-suited for energy time series
forecasting (7). Gated Recurrent Units (GRU) were later proposed as computationally efficient
substitutes for LSTMs, simplifying parameter complexity without sacrificing performance (8).
Deep neural networks were then applied to building and residential load forecasting,
demonstrating substantial improvements over traditional regression models (9). Experimental
studies further validated that LSTM models perform better than traditional statistical models
for short-term residential energy forecasting (10). With the growing need for multi-horizon
forecasting, sequence-to-sequence models with encoder-decoder architectures were proposed
to facilitate multi-step-ahead forecasting simultaneously (11). Multi-step LSTM models were
proposed to mitigate recursive forecasting errors and enhance stability for multi-step ahead
predictions (12). Comparative studies on recurrent models confirmed the efficiency and real-
time applicability of GRU models for sequential forecasting problems (13). Theoretical
underpinnings of supervised sequence modelling further reinforced the role of recurrent neural
networks in time-series forecasting (14). Parallel work focused on appliance-level energy
modelling using Non-Intrusive Load Monitoring (NILM), allowing for the disaggregation of
total energy consumption in a household into appliance-level components (15). Probabilistic
modelling approaches further advanced appliance-level identification and behaviour analysis
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(16). Deep learning training methodologies, including normalisation and regularisation, were
shown to improve model generalisation and convergence stability (17) greatly. To address the
growing need for reliable Al systems, interpretability techniques such as SHAP have been
proposed to provide feature attribution explanations for machine learningymodels (18).
Gradient-based visualisation tools, such as Grad-CAM, helped shed light on deep neural
network decision-making processes (19). More recently, DeepLIFT was proposed as a robust
attribution technique that compares neuron activations to reference baselines, allowing for
accurate contribution analysis (20).

3  Proposed Methodology

The proposed framework uses sequence-based deep learning models to design an explainable
multi-step household energy forecasting framework. The time series data is converted into
supervised learning sequences by using the sliding window technique after data cleaning, Min-
Max normalization, temporal aggregation, and appliance decomposition. To achieve multi-
horizon forecasting at hourly, daily, and weekly time scales, both LSTM and GRU models are
used. The performance of the models is evaluated using standard regression analysis metrics,
and SHAP-based feature attribution and permutation importance are used for feature-level and
temporal explanations.

3.1  Preprocessing of Data and Feature Engineering

The dataset used in this research is a household electricity consumption dataset obtained from
smart meters. The dataset contains global active power and appliance-level energy
consumption, measured at fixed time intervals. To facilitate easier analysis of the data over
time, timestamp information is generated and converted to a time-indexed format. Negative
and irregular values in the dataset were removed to create a "clean" dataset; any missing values
were handled using linear interpolation. Finally, multi-scale forecasts were enabled by
resampling the clean data to hourly, daily, and weekly values.

Normalisation Formula :

X' = (x—w (1)

g

where x is the original value and x'is the normalised value. The dataset is divided into training
and testing sets using a time-based split to preserve temporal order and avoid information
leakage.

3.2 Appliance-Level Energy Decomposition

The dataset consists of three measurements at the appliance level: Sub metering 1,
Sub_metering 2, and Sub_metering 3. Used to represent the amount of energy being
consumed by the major household appliances, and the “Other” aspect is calculated to complete
the overall picture of energy consumption.

Power Decomposition Formula:
Pglobal=P1+P2+P3+Pother (2)

where Pyjopqiis the total active power and Py, P,, Psrepresent the three sub-metered loads. This

decomposition facilitates appliance-level analysis and enhances the interpretation of the
forecasting results.

3.3 Sequence Construction and Problem Formulation

To convert time-series data into a supervised learning format (e.g., to enable the use of court-
ordered methods of learning and build a supervised model of energy use), we utilise a sliding
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window approach. A certain number of previous data points are collected together (as input) and
used to predict the ongoing energy consumption (i.e., what the next set of consumption data will
be). By using historical data to predict what will happen after each period, we have created a set
of input-output pairs (or training data) for our model, which helps us develop thg pest possible
model. As a result, when we change the duration of the (fixed-size) Input Window, we change
the amount of historical data available for forecasting consumption, extending it as far back as
possible in the (rolling/overlapping) historical data set. Similarly, the length of the desired
prediction will determine how many future time periods will be forecast (i.e. applied for a direct
multi-step forecast). Adjusting both the input window and the prediction horizon will allow us to
switch from hourly forecasting in our operational models to daily or weekly (longer time frame)
forecasts from the predictive models we developed. So once we develop the appropriate input-
output pairs for the model, it can generate multiple future values simultaneously, thereby
minimising forecast errors over long time frames as per the Fig 1.

34 Model Architecture

Explainable Multi-Horizon Household Energy
Forecasting Framework
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Figure 1: System Architecture of the Proposed Explainable Energy Forecasting Model
3.5 Model Training Strategy
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Both LSTM and GRU models are trained using mini-batch gradient descent. The batch size

and number of epochs are set using experience.

Early stopping is used to prevent overfitting by monitoring the validation loss. Learning rate
reduction is also used when performance does not improve.

The same training parameters are used for all models.

4 Simulation Results

4.1

Experimental setup

312

All experiments are conducted on the household electricity consumption dataset using identical
training and testing configurations. The preprocessed data is resampled to hourly, daily, and
weekly resolutions to evaluate multi-scale forecasting performance. The dataset is divided into
training and testing sets using a time-based split to preserve temporal dependencies. Both
LSTM and GRU models.are trained using the Adam optimiser with mean squared error as the
loss function. Early stopping and learning rate reduction are used to limit overfitting. To
evaluate how well the model works, we will use MAE and RMSE to assess total usage and
individual loads for each appliance. The detailed numerical results for each experiment are
presented in Tables 1-3. I used Python, Tensorflow and Sklearn on the same computer system
for all conducted tests:

4.2 Comparison Evaluation

This subsection analyses how well our models perform across different time frames.

Table 1. Performance of LSTM Model at Different Time Scales (MAE)

Scale | Total MAE | Subl MAE | Sub2 MAE | Sub3 MAE &tﬁf
Hourly 0.5269 0.0971 0.1026 0.2556 0.2688
Daily 9.0258 1.1471 1.5677 33131 50073
Weekly | 727755 | 64949 6.9884 | 264883 | 37.2072

Table 1 provides MAE for shifting hourly, daily, and weekly forecasts using LSTM Models.
Forecasting accuracy decreased as the forecast horizon increased, resulting in significantly
higher weekly errors than daily or hourly. Variance is highest for Sub_metering_3 and Other
Load components; therefore, they have lower-than-average forecast accuracy.

Table 2: Performance of GRU Model at Different Time Scales (MAE)

Scale Total Subl Sub2 Sub3 Other

MAE MAE MAE MAE MAE

Hourly 0.4795 0.0982 0.1043 0.2501 0.2389
Daily 7.4330 1.2240 1.5984 2.8061 3.9877
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Weekly 63.9767 5.8390 5.8622 23.7745 33.6882

Table 2 summarises the GRU model's performance. Compared to LSTM, the GRU model
achieves lower total MAE values across all temporal resolutions, particularly aBthaily and
weekly scales, demonstrating better generalisation capability for long-term forecasting.

Table 3: Comparison of LSTM and GRU Models Across Time Scales (MAE)

Model Scale Total MAE | Subl MAE | Sub2 MAE | Sub3 MAE 1?&;;
LSTM Hourly 0.7189 0.1830 0.1026 0.2566 0.2688
LSTM Daily 9.0258 1.1471 1.5677 3.3131 5.2273
LSTM Weekly 72.7755 6.4949 6.9884 26.4883 37.2072
GRU Hourly 0.4795 0.0982 0.1043 0.2501 0.2389
GRU Daily 7.4330 1.2240 1.5984 2.8061 3.9877
GRU Weekly 63.9767 5.8390 5.8622 23.7745 33.6882

Table 3 summarises the comparative performance of the LSTM and GRU models across all
temporal scales.

4.3  Interpretability

The information suggests that temporal characteristics, especially hour and day of the week,
significantly determine short-term energy prediction accuracy and are therefore very important
for estimating daily energy use. Of the three appliance components, Sub_metering 3 and Other
have a much larger positive effect on predicting energy than minor appliances do at the hourly
scale.

Hourly LSTM Feature Importance
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0.012

0.010 A

0.008 A

Increase in MSE

0.006

0.004

0.002 +
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Figure 2. Hourly LSTM Permutation Feature Importance

The information suggests that temporal characteristics, especially hour and day of the week,
significantly determine short-term energy prediction accuracy and are therefore very important
for estimating daily energy use. Of the three appliance components, Sub_meteridg* 3 and Other
have a much larger positive effect on predicting energy than minor appliances do at the hourly
scale as per Figure 2.

Daily LSTM Feature Importance
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Figure 3. Daily LSTM Permutation Feature Importance

At the daily scale, Sub_metering 3 emerges as the most influential feature, followed by Other
loads. Sub_metering 1 and Sub_metering_2 are comparatively less important as per Figure 3.
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Weekly LSTM Feature Importance
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Figure 4. Weekly LSTM Permutation Feature Importance

This plot shows that, month by month, Sub_metering 3 contributes the most to the overall
forecast, and Sub_metering 1 and Other also affect it to some extent. The impact of small
appliances appears negligible in both short- and long-range predictions as per Figure 4.

MAE Comparison Heatmap
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Scale
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GRU LSTM
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315



ICICCS-2026

Figure 5. MAE Comparison Heatmap for LSTM and GRU Models

This figure shows the Mean Absolute Error (MAE) for LSTM and GRU across hourly, daily,
and weekly time intervals. The results show that GRU consistently has lower prediction error
than LSTM, regardless of whether the model is evaluated hourly, daily, or weekB/@s per Figure

5 Conclusion

This study proposes an explainable multi-horizon deep-learning framework for forecasting
household energy consumption. The proposed framework combines existing techniques (data
preprocessing, appliance-level disaggregation/decomposition, and sequence-to-sequence
modelling with LSTMs and GRUs) to predict household energy consumption at hourly, daily,
and weekly intervals. The experimental results demonstrate that the GRU outperformed the
LSTM in predicting household energy usage across all time periods. The researchers use
permutation-based feature importance and SHAP analysis to improve the interpretability of
their models by determining how much individual appliances and time-based features
contribute to the models’ predictions. Based on the results, the proposed framework is effective
in providing accurate and transparent energy forecasts for intelligent energy management.
Future studies will focus on adding contextual features to this framework and expanding its
capability to create lightweight, real-time, adaptive forecasts.The multiple measurement
periods in the proposed framework provide additional verification of its strength and
adaptability, offering an option for different future time frames when generating forecasts.

The main contribution of this work is the development of scalable and reliable intelligent
energy forecasting systems. The proposed system's modularity allows for easy integration into
demand-side management applications and smart grid systems. An opportunity to extend this
research is to add further weather inputs, room usage prediction, and social behaviour patterns,
thereby improving model performance and generalisation. Further optimisations using
lightweight methods will develop efficient implementations on edge-enabled smart homes.
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