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Traditional load-forecasting methods rely heavily on extensive historical data to predict future values, 
thus limiting their applicability in long-term forecasts where historical data may be unavailable or 
irrelevant. While several forecasting techniques, such as regression models and machine learning/
deep learning approaches, have been tested, the inherent uncertainty in long-horizon predictions 
remains a major challenge. To address this gap, an interval-based modeling framework grounded 
in granular computing is proposed. Specifically, justifiable granules are constructed to define 
interpretable lower and upper bounds around the central tendency of load values, optimized through a 
justification criterion that balances coverage and specificity. This approach enables the quantification 
of uncertainty without assuming specific distributional forms. These granules are generated for 
multiple temporal resolutions (daily, weekly, and monthly) using historical load data from 2020 to 2022 
and evaluated against unseen data from 2023. A detailed overlap analysis is performed to assess the 
alignment between combined and year-specific intervals, providing insights into generalizability and 
robustness. Visualizations further demonstrate the interpretability of the proposed intervals, offering a 
practical solution for long-term load modeling under uncertainty.

Keywords  Electric load forecasting, Time series prediction, Justifiable granules, Interval, Granular 
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Accurate forecasting of electrical load is a fundamental requirement for effective power system operation, 
planning, and reliability management. As global electricity consumption continues to rise driven by economic 
growth, increasing electrification, and climate-induced variability the need for reliable and interpretable long-
term load forecasts has become increasingly critical1–3. Long-term forecasting is inherently challenging because 
load behavior is shaped by diverse and dynamic factors, including seasonal patterns, economic conditions, 
weather fluctuations, and evolving consumer behavior4,5. These complexities introduce substantial uncertainty 
that traditional point-based forecasting methods fail to adequately address.

Existing forecasting approaches, ranging from classical econometric models to advanced machine learning 
(ML) and deep learning (DL) architectures, have achieved notable progress in improving predictive accuracy. 
Classical time-series models such as ARIMA and regression-based techniques offer interpretability but struggle 
with nonlinear or rapidly changing load patterns. ML methods including support vector regression, gradient 
boosting, and tree-based ensembles provide increased nonlinear modeling capability, yet they continue 
to produce deterministic forecasts that do not quantify uncertainty. DL models, including LSTM networks, 
CNNs, transformers, and hybrid spatiotemporal architectures, have further advanced forecasting performance 
by capturing long-term dependencies, multiscale temporal relationships, and spatial correlations6–8. Recent 
innovations include geometric loss-based multi-energy forecasting9, clustering-enhanced quantile LSTM 
models10, graph-attention transformers for spatiotemporal residential load forecasting11, pyramidal graph 
structures for multiresolution load representation12, and Bayesian transformer frameworks for uncertainty 
decomposition across multiple energy carriers13. Hybrid models that integrate DL, fuzzy logic, ensemble 
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learning, or reinforcement learning have demonstrated improved robustness to noise and irregular consumption 
patterns14,15.

Despite these advancements, several limitations remain. First, probabilistic forecasting often relies on 
restrictive distributional assumptions that may not hold in practice and can produce outputs that are difficult 
for non-experts to interpret16,17. Second, advanced DL architectures frequently impose high computational 
costs, complicating real-time deployment in large-scale systems. Third, model interpretability remains limited, 
posing challenges for regulatory acceptance and operational trust in critical energy infrastructure. Finally, 
the generalizability of these models across diverse climatic conditions, consumption patterns, and geographic 
regions remains insufficiently validated, particularly for long-term forecasting tasks.

These limitations underscore the need for forecasting methodologies that are uncertainty-aware, interpretable, 
and computationally efficient, while remaining adaptable to multiple temporal horizons and heterogeneous load 
dynamics.

To address these challenges, this study introduces a novel interval-based forecasting framework grounded 
in the principles of granular computing18. Rather than generating single-point predictions, the proposed 
methodology produces data-driven uncertainty intervals centered around a typical forecast value. At the 
core of this approach is a justification criterion that balances two inherently conflicting objectives: coverage, 
which measures the proportion of actual values contained within the predicted interval, and specificity, which 
quantifies the sharpness or informativeness of the interval19. By optimizing this trade-off, the model constructs 
intervals that avoid being excessively wide or unrealistically narrow20,21. The idea of justifiable granularity offers 
a structured method for creating intervals that are both supported by data and practically useful for decision-
making22. This principle has proven effective in clustering20,21 and classification tasks20,23, where choosing 
the right level of granularity directly affects performance and interpretability. Its adaptive nature is especially 
valuable in multiscale forecasting, where uncertainty patterns vary significantly across daily, weekly, and 
monthly timeframes. In contrast to classical forecasting methods (Table 1), the proposed approach explicitly 
models prediction uncertainty through interval-valued granules. The main advantages include:

•	 Quantified confidence: Each forecast is accompanied by an interpretable uncertainty bound.
•	 Adaptability: Interval widths adjust dynamically based on local variability in the data.
•	 Distribution-free design: The method does not rely on any assumed probability distribution.

To validate the proposed approach, real world electricity load data from the Sultanate of Oman for the years 
2020-2022 are employed. This dataset presents a rich testing environment characterized by climatic variability, 
industrial load fluctuations, and strong seasonal demand patterns. Model generalizability is assessed using unseen 
data from 2023. Additionally, an interval overlap robustness analysis is conducted to evaluate the stability of the 
generated intervals across multiple years and temporal resolutions, offering deeper insight into the consistency 
and reliability of the proposed forecasting framework24.

Beyond its methodological contributions, the interval driven framework provides practical operational 
value. By expressing future load uncertainty in an interpretable manner, the resulting intervals can directly 
support grid operators in unit commitment, reserve allocation, and electricity market operations, enabling more 
risk aware and transparent decision making25.

This work proposes a data driven interval forecasting methodology based on justifiable granularity that 
produces interpretable, uncertainty aware predictions across multiple temporal scales. The key contributions of 
this study are as follows:

•	 Developing an interval based forecasting methodology that generates uncertainty aware forecasts rather than 
single point predictions.

•	 Introducing a justification based mechanism rooted in granular computing to construct adaptive and data 
supported intervals.

•	 Incorporating an interval overlap robustness analysis to assess the stability and reliability of the generated 
intervals.

•	 Validating the framework using three years of load data from Oman (2020-2022) and assessing generalizabil-
ity using unseen 2023 data.

The remainder of this paper is organized as follows. Section "Proposed methodology: interval based load 
forecasting using granular computing" describes the proposed interval based modeling framework, including 
the justification mechanism. Section "Results and discussion" presents the case study, implementation details, 

Aspect Classical forecasting (point-based) Proposed granule-based forecasting

Forecast output Single prediction ŷi Interval [ŷi − δi, ŷi + δi]

Uncertainty quantification Absent Explicit and interpretable

Distribution assumption Often assumed (e.g. Gaussian) Not required

Robustness Sensitive to noise Robust to variability

Interpretability Low High (semantic meaning of width)

Metrics RMSE, MAE Justification Score

Table 1.  Comparison between classical and granule-based forecasting approaches.
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and experimental evaluation. Section "Conclusions and future directions" concludes the paper and discusses 
potential directions for future research.

Proposed methodology: interval based load forecasting using granular computing
Forecasting long term energy demand is inherently challenging due to unpredictable variations in environmental, 
socio-economic, and operational factors. To address this uncertainty, an interval forecasting approach is proposed 
based on granular computing. Unlike traditional models that generate single point predictions, the proposed 
method constructs informative prediction intervals that not only indicate expected values but also quantify the 
associated uncertainty. This section explains how these intervals are formed, how they are optimized, and how 
they are applied to real world energy load data.

Granular computing is a paradigm that represents knowledge through granules groups of elements that are 
similar, functionally related, or close in proximity. In the context of forecasting, each granule corresponds to an 
interval prediction centered around an estimate of the target variable. For a given time step ti, the prediction 
granule is expressed as:

	 Gi = [Li, Ui] = [ŷi − δiL, ŷi + δiU ]

Here, ŷi denotes the central prediction (such as the mean or median), and δi defines the half width of the 
interval, capturing the uncertainty associated with the prediction.

When analyzing complex data like electric load over time, looking at the big picture alone can sometimes 
hide important details. Breaking the data down into intervals, or “granules,” helps in identifying local patterns 
and changes that might be overlooked with a simple overall summary.

Using granularity offers several benefits:

•	 Making the data easier to understand by focusing on meaningful chunks instead of overwhelming details.
•	 Reducing noise and the effect of outliers, thus providing more reliable insights.
•	 Achieving a balance between too much detail, which can be confusing, and too little, which can overlook 

important trends.
•	 Allowing the use of interval based measures such as coverage and specificity to better evaluate how well the 

data and predictions represent reality.

Justifiable granularity and interval optimization
The principle of justifiable granularity19 provides a systematic mechanism for constructing interval valued 
information granules that balance reliability and informativeness. The key objective is to generate intervals 
that are sufficiently wide to cover the underlying data while remaining narrow enough to convey meaningful 
information. This balance is achieved through the optimization of a justification index that integrates both 
coverage and specificity.

Granule definition and interval metrics
Consider a set of M granules

	 {Gi = [ai, bi]}M
i=1,

where each granule Gi contains a local set of data points

	 Xi = {xi1, xi2, . . . , xini }.

For each candidate interval, we define the following metrics:

	
Coveragei(ai, bi) = 1

ni

ni∑
j=1

1{xij ∈ [ai, bi]}, � (1)

	
Specificityi(ai, bi) = 1 − bi − ai

Range
, � (2)

	 justifiability indexi(ai, bi) = Coveragei(ai, bi) × Specificityi(ai, bi). � (3)

Here, Range is a global normalization factor (e.g. max(x) − min(x)), and the indicator 1{·} evaluates whether 
a point lies inside the interval.

Joint optimization of coverage and specificity
The optimal boundaries (a∗

i , b∗
i ) are obtained by maximizing the justification index:

	
(a∗

i , b∗
i ) = arg max

ai≤bi

[
#{xij ∈ [ai, bi]}

ni
·
(

1 − bi − ai

Range

) ]
.� (4)

This optimization enforces two key constraints: 
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	1.	 Boundary validity: ai ≤ bi must always hold.
	2.	 Data consistency: interval boundaries must lie within the global data range, i.e., 

	 ai, bi ∈ [min(x), max(x)].

The product in (4) ensures that increasing coverage (favoring wider intervals) must be balanced with increasing 
specificity (favoring narrower intervals). The optimal interval is therefore the one where both terms are jointly 
maximized, avoiding overly wide or overly narrow solutions.

For each granule, the algorithm evaluates all candidate boundaries generated from the local data. Since each 
boundary is selected from the ni data points, the search space is:

	 O(n2
i ) per granule.

For M granules, the worst-case complexity is:

	
O

(
M∑

i=1

n2
i

)
.

In practice, the granules are small because they correspond to natural temporal partitions (daily, weekly, 
monthly), making the approach computationally tractable even for multi year datasets.

To enhance clarity and reproducibility, the interval construction procedure is summarized below.

Algorithm.  Interval optimization using justifiable granularity.

Once all intervals are optimized, aggregate metrics are computed:

	
Total Coverage = 1

M

M∑
i=1

Coveragei, � (5)

	
Total Specificity = 1

M

M∑
i=1

Specificityi, � (6)

	
Total justifiability index = 1

M

M∑
i=1

justifiability indexi. � (7)

To assess forecasting robustness, interval overlap is measured between predicted and true intervals. Let [yL
i , yU

i ] 
denote the true interval and [ŷL

i , ŷU
i ] the predicted interval:
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Overlapi =

max
(
0, min(yU

i , ŷU
i ) − max(yL

i , ŷL
i )

)
max(yU

i , ŷU
i ) − min(yL

i , ŷL
i )

× 100%.� (8)

The average overlap across all N intervals is:

	
Average Overlap = 1

N

N∑
i=1

Overlapi.� (9)

A high overlap indicates stable and reliable interval estimation across temporal scales. The metrics measure in 
Eq. (8) indicate agreement between true and predicted intervals as a percentage, with 100% for a perfect match 
and 0% for no intersection. It is computed for each time period and summarized by the average to show overall 
alignment. However, it does not distinguish between small shifts and large deviations, as both yield zero overlap, 
reflecting the limitations of percentage–based overlap metrics. While intuitive for overall assessment, it may 
understate differences in mismatch severity.

The proposed interval forecasting framework shifts the focus from point accuracy to reliability aware 
prediction. The method provides interpretable and data driven uncertainty quantification. This framework 
complements existing ML and DL forecasting techniques and offers actionable insights for energy system 
planning and operation.

To effectively capture uncertainty in time series data such as electricity load, a granule based forecasting 
framework that constructs interval valued predictions is adopted. These intervals are assessed using three core 
metrics: coverage, specificity, and their combined trade off justifiable granularity. The coverage and specificity 
are inherently opposing metrics: increasing the interval length improves coverage but reduces specificity, while 
narrowing the interval increases specificity but reduces coverage. The justifiability index balances these two 
metrics and determines the optimal interval width. Importantly, outliers will never be included in the justifiable 
interval, as including extreme values would force the interval to expand excessively, driving specificity toward 
zero and lowering the overall justification score. The method begins by dividing the data into local granules 
(intervals) and evaluating how well each interval includes the corresponding data points (coverage), how narrow 
the interval is (specificity), and the product of the two (justifiability index). The granules are then optimized to 
balance informativeness and reliability. Furthermore, when true and predicted intervals are both available, the 
degree of agreement between them is quantified using an overlap based robustness analysis.

Results and discussion
In this section, the results of applying both traditional ML models and advanced DL techniques to short and 
medium term electric load forecasting are presented. The performance of these models is compared on both the 
training and testing datasets.

To evaluate the performance, commonly accepted metrics like RMSE, MAPE and R2 are adopted. The results 
reveal shed light on the strengths and weaknesses of both classical and DL approaches.

The dataset used in this study consists of electric load measurements from the Omani Main Interconnected 
System, recorded at 30-minute intervals over a four-year period from 2020 to 2023. This extensive dataset provides 
a comprehensive view of the system’s load behavior across different seasons and operating conditions, making 
it well-suited for detailed analysis and modeling. Figure 1a–d depict the annual load patterns, highlighting both 
the overall consistency and the minor variations observed in certain months across different years.

One common approach for forecasting a specific data point is to use a fixed number of recent past values. 
Table 2 presents a performance comparison of ML, DL, and classical time series models for short term forecasting, 
using the five most recent data points to predict the next point (i.e. lag = 5, output = 1).

Overall, all models demonstrate relatively good performance. However, classical time series models such as 
ARIMA and SARIMA exhibit the weakest results, confirming that ML models are better suited for capturing 
the nonlinear patterns present in the data. Among the DL models, LSTM architecture perform competitively, 
highlighting its potential when trained with sufficient data and proper tuning.

Table 3 presents the performance of various models across different forecast horizons. The forecast horizon 
significantly impacts model accuracy. For one step ahead predictions, all models show substantial improvement, 
with boosted ensembles and LSTM delivering the best results. When the forecast horizon extends to 48 steps 
(approximately two days), performance generally declines, as indicated by lower R2 values and higher error 
metrics. Nevertheless, Linear Regression and KNN continue to offer relatively stable results, suggesting that 
simpler models may be more robust for medium range forecasting within the same dataset.

At very long horizons such as 336 steps (around two weeks) most models struggle considerably. Only LSTM 
and Transformer models exhibit some degree of resilience, while traditional models like ARIMA and SARIMA 
perform poorly, reaffirming their limitations in capturing nonlinear patterns over extended periods.

It is worth noting that model performance continues to degrade as the number of forecasted time points 
increases, especially when attempting to predict an entire year. This highlights the inherent difficulty of long 
term forecasting in complex, nonlinear time series.

Another approach for forecasting a specific future data point is to use similar data points from historical 
data. When using three data points from previous years as inputs to predict a future value, models generally 
exhibit higher errors compared to using recent lagged inputs, as shown in Table 4, indicating that older data, 
while informative, may not capture recent trends well. Linear Regression and Bagging methods provide a 
balanced trade off between training and testing errors, suggesting reasonable generalization. The zero training 
error reported for Decision Tree implies perfect fitting of training data but reduced test performance, indicating 
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Model Test RMSE Test MAE Test R2 Test MAPE Train RMSE Train MAE Train R2 Train MAPE

Linear regression 136.44 104.69 0.9872 2.34 136.74 104.16 0.9844 2.74

Decision tree 174.27 131.85 0.9792 3.07 1.30 0.009 1.0000 0.00

SVM 199.94 150.03 0.9726 3.32 165.70 131.81 0.9771 3.42

KNN 135.13 101.27 0.9875 2.31 103.04 77.22 0.9912 2.03

Boosted ensemble 133.52 99.68 0.9878 2.29 53.38 37.62 0.9976 0.98

Neural net 146.54 111.19 0.9853 2.72 142.32 108.84 0.9831 2.48

LSTM 129.78 100.44 0.9885 2.33 128.05 97.77 0.9863 2.58

Transformer 170.78 137.93 0.9800 3.04 152.29 122.06 0.9807 3.08

ARIMA 424.56 325.77 0.8765 7.11 404.60 311.64 0.8637 7.71

SARIMA 399.40 303.75 0.8907 6.65 381.35 290.00 0.8789 7.21

Table 2.  Performance comparison of ML, DL, and time series models (lag = 5, output = 1).
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Fig. 1.  Annual electric load patterns for 2020–2023.
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overfitting. Neural networks do not outperform traditional regression here, possibly due to limited feature 
complexity or insufficient data to train deeper models effectively.

These results emphasize the importance of choosing the right model based on forecast horizon and input 
features. Simpler models can sometimes outperform complex ones depending on the forecasting context and 
dataset characteristics. DL models shine particularly for short term forecasting but require careful tuning.

Another approach for predicting load profiles is proposed based on the granular interval method discussed 
in Sect. 3.4. Figure 3 illustrates the load interval variations on a daily, weekly, and monthly basis for the years 
2020 through 2023. Three interval construction methods are employed in this analysis: the minimum-maximum 
range, the interquartile range (25th-75th percentile), and the mean ± one standard deviation. A consistent trend 
of increasing stability and predictability is observed over the years, particularly when transitioning from daily 
to weekly intervals. As anticipated, daily intervals exhibit higher variability due to the finer temporal resolution, 
whereas weekly intervals present smoother trends, underscoring the benefits of temporal aggregation in 
enhancing forecast stability. Notably, the interval widths vary depending on the chosen time window, raising 
an important consideration regarding the optimal interval width for accurately representing the load profile. 

Model Train RMSE Train MAE Train R2 Train MAPE Test RMSE Test MAE Test R2 Test MAPE

Linear regression 367.62 276.65 0.9074 6.37 352.02 265.37 0.9152 6.09

Decision tree 0.00 0.00 1.0000 0.00 444.67 320.61 0.8647 7.28

SVM 438.29 332.62 0.8684 7.98 435.37 330.38 0.8703 7.88

KNN 285.03 209.61 0.9443 4.77 337.80 249.89 0.9219 5.70

Bagging 148.23 101.89 0.9849 2.33 347.15 257.60 0.9175 5.88

Neural net 369.43 276.46 0.9065 6.34 356.41 265.68 0.9131 6.08

Table 4.  Performance comparison of models using 3 inputs from previous years.

 

Model Lag, output RMSE MAE R2 MAPE

Linear regression lag=48, output=1 109.52 84.36 0.9918 2.00

Decision tree lag=48, output=1 149.26 114.49 0.9847 2.69

SVM lag=48, output=1 222.17 165.13 0.9661 3.72

KNN lag=48, output=1 135.77 103.81 0.9873 2.36

Boosted ensemble lag=48, output=1 109.95 84.31 0.9917 1.95

Neural net lag=48, output=1 124.35 96.81 0.9894 2.34

LSTM lag=48, output=1 109.70 84.11 0.9917 1.99

Transformer lag=48, output=1 111.44 85.87 0.9915 2.04

ARIMA lag=48, output=1 207.55 158.93 0.9404 3.69

SARIMA lag=48, output=1 217.16 165.58 0.9676 3.86

Linear regression lag=48, output=48 178.44 135.07 0.9781 3.14

Decision tree lag=48, output=48 285.93 212.16 0.9438 4.88

SVM lag=48, output=48 231.50 182.07 0.9631 4.13

KNN lag=48, output=48 192.33 146.74 0.9746 3.33

Boosted ensemble lag=48, output=48 209.43 156.92 0.9698 3.50

Neural net lag=48, output=48 187.29 143.16 0.9759 3.36

LSTM lag=48, output=48 233.81 178.62 0.9624 3.89

Transformer lag=48, output=48 217.28 168.24 0.9675 3.78

ARIMA lag=48, output=48 1766.04 1455.39 -1.1449 29.65

SARIMA lag=48, output=48 1758.65 1448.87 -1.1270 29.63

Linear regression lag=48, output=336 204.55 163.02 0.2830 5.66

Decision tree lag=48, output=336 305.31 220.36 0.5973 7.59

SVM lag=48, output=336 340.94 293.56 -1.0030 10.23

KNN lag=48, output=336 205.21 156.98 0.2780 5.44

Boosted ensemble lag=48, output=336 226.87 176.01 0.1157 6.13

Neural net lag=48, output=336 219.96 174.99 0.1707 6.06

LSTM lag=48, output=336 332.58 257.87 0.9227 5.65

Transformer lag=48, output=336 300.18 235.02 0.9370 5.35

ARIMA lag=48, output=336 1745.09 1439.82 -1.1247 28.75

SARIMA lag=48, output=336 1713.45 1411.00 -1.0484 28.52

Table 3.  Model performance comparison with varying forecast horizons.
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Furthermore, the requirements of the forecasting task itself must be taken into account. In certain cases, 
narrower prediction intervals may not present significant limitations, as the aggregation of predictions over 
extended periods can yield more informative insights for operational planning and maintenance scheduling.

To determine the appropriate type of interval, the impact of interval length on coverage, specificity, and 
justification is analyzed, as illustrated in Fig. 2. As the interval length increases, coverage generally improves, 
while specificity declines. Consequently, the optimal interval length can be identified by maximizing the 
justification metric, defined as the product of coverage and specificity. Therefore, directly applying the previously 
constructed intervals shown in Fig. 3 would not necessarily yield maximum justification. Instead, applying the 
granular interval approach allows for the generation of daily, weekly, and monthly load profiles with optimized 
and justifiable intervals centered around the median load values, as shown in Fig. 4. Figure 4(b) presents the 
interval analysis for the combined data from 2020 to 2022 across daily, weekly, and monthly resolutions, which 
will serve as the predicted interval load profile for 2023, based on the consistent patterns observed throughout 
the year. The granular interval plots for weekdays and weekends, reveal no significant differences between 
weekday and weekend load profiles, with both exhibiting closely aligned consumption patterns. This observation 
suggests that, for this dataset, modeling weekdays and weekends together is sufficient, as their load profiles are 
largely similar.

Figures 5, 6 and 7 depict the coverage, specificity, justifiability index (v), and overlap (p) for daily, weekly, 
and monthly granular intervals, respectively. Across all granularities, coverage tends to increase from daily 
to monthly intervals, reflecting improved model confidence with more aggregated data. Specificity remains 
relatively stable across granularities, suggesting consistent model permance across all intervals. The justifiability 
index (v) and overlap (p) further support the conclusion that longer intervals yield better predictive performance, 
with monthly intervals showing the highest values for these indices. This conclusion indicates that the model’s 
predictions are more reliable and less ambiguous at coarser granularities. Table  5 quantitatively summarizes 
these trends, showing an increase in coverage from 0.31 for daily to 0.53 for monthly intervals in the combined 
dataset, with similar trends for the 2023 subset. The overlap metric also improves, reaching 0.57 for monthly 
intervals in 2023, demonstrating better alignment between predicted and actual loads. The overlap plots in 
Fig. 8 demonstrates the degree to which the predicted load intervals coincide with the actual observed values. 
The improvement in overlap from daily to monthly intervals further confirms the enhanced prediction accuracy 
achieved through data aggregation. The consistent trend across years indicates that the model’s generalization 
capabilities remain stable over time. Although the justifiability index v for the daily interval is relatively low, 
the prediction intervals still overlap with the true intervals, making this form of quantification suitable and 
informative for planning and maintenance purposes.

Furthermore, Table 6 presents the combined performance indices of load prediction across different time 
intervals, ranging from one to 18 hours, and various aggregation levels. As expected from previous results, 
coverage and overlap tend to decrease as the time interval shortens, while specificity remains almost stable.
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Fig. 2.  Coverage, specificity, and justifiability index vs length of the interval.
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The analysis confirms that load prediction models benefit significantly from temporal aggregation, with 
monthly intervals providing the most reliable and interpretable forecasts. Justifiability and overlap indices offer 
a multi-faceted evaluation of model performance, allowing for more informed interpretation of prediction 
quality. It should be noted that the performance metrics observed for the combined three year intervals are 
influenced by the natural variability across the years. The lower metric values are not a limitation of the method 
but rather a direct consequence of optimizing interval boundaries under multi year fluctuations. In contrast, 
constructing intervals using a single year of data would typically yield higher coverage and specificity, since the 
intervals would fit a more homogeneous distribution. However, such intervals would have weaker generalization 
capability and may not remain valid when applied to data from other years.

To complement the granular evaluation framework, we conducted additional experiments using 
representative interval forecasting methods, including Quantile Regression (QR), Conformal Prediction, LSTM, 
and multi layer neural models. Unlike these models, which generate prediction intervals by extrapolating from 
recent input values, the proposed granular approach constructs intervals directly from the training set and 
performs daily, weekly, and monthly forecasting by intersecting information granules. This yields a conceptually 
different evaluation mechanism, where interval validity is assessed based on granule-granule overlap rather than 
pointwise prediction. For a fair comparison, the probabilistic baselines were evaluated using standard calibration 
metrics Prediction Interval Coverage Probability (PICP), Mean Prediction Interval Width (MPIW), and the 
Winkler Score as shown in Table 7.

Conclusions and future directions
In this paper, the challenges of long-term electric load forecasting are addressed by moving beyond traditional 
point predictions and introducing an interval based modeling framework grounded in granular computing. 
Beyond their methodological contribution, the justifiable intervals developed here offer practical value for 
power system operators. These interval based predictions balance coverage and specificity, serving as reliable 
uncertainty envelopes for operational decisions. Grid operators can use the predicted bounds to support unit 
commitment, ensuring flexible scheduling for demand or renewable output variations. The intervals also guide 
reserve capacity planning by quantifying the load range, helping operators allocate reserves more effectively. 
Integrating this uncertainty into operational planning enhances system reliability and reduces the risk of relying 
solely on point forecasts.

Using historical load data from the Sultanate of Oman between 2020 and 2022, intervals at daily, weekly, and 
monthly resolutions are generated and validated on unseen data from 2023. The overlap analysis demonstrated 
a strong alignment between predicted intervals and actual loads, highlighting the model’s robustness and 
generalizability across different time scales. The visualizations further emphasize how these intervals can offer 
practical insights by clearly expressing forecast uncertainty.

Fig. 3.  Granular interval representations daily, weekly, and monthly (from left to right) for the years (a) 2020 
and (b) 2023.
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Future research could focus on integrating external factors like weather, economic trends, or policies to 
improve interval accuracy. Developing adaptive methods that respond to changing data patterns may boost 
reliability. Applying this approach to domains like renewable energy and grid management could reveal broader 
benefits and stability insights.

Fig. 4.  Granular interval representations daily, weekly, and monthly (from left to right) for the years (a) 2020, 
(b) combined 2020-2023, and (c) 2023.
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Fig. 7.  Performance index of monthly granular intervals (a) coverage (b) specificity (c) v (d) p.
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Fig. 6.  Performance index of weekly granular intervals (a) coverage (b) specificity (c) v (d) p.
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Fig. 5.  Performance index of daily granular intervals (a) coverage (b) specificity (c) v (d) p.
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Data availability
The data supporting the findings of this study are available from the Oman Electricity Transmission Company. 
However, restrictions apply to the availability of these data, which were used under license for the current study 

Method PICP MPIW Winkler score

QR (10%, 50%, 90% quantiles) 0.82 0.06 492.9

Conformal prediction 0.91 0.07 473.3

LSTM (hidden units = 50) 0.22 0.67 28273

MLP (two hidden[64 32]) 0.86 0.05 417.75

Table 7.  Interval approaches result, lag = 48.

 

Time interval Period/index

Combined: total 2023: total

Overlapcov spec J cov spec J

18 hrs (6 : 00-23 : 00)

Daily 0.26 0.61 0.15 0.63 0.62 0.39 0.26

Weekly 0.39 0.59 0.23 0.70 0.59 0.41 0.41

Monthly 0.50 0.60 0.30 0.72 0.60 0.43 0.53

12 hrs (8 : 00-20 : 00)

Daily 0.23 0.64 0.15 0.60 0.65 0.39 0.25

Weekly 0.37 0.60 0.22 0.68 0.60 0.41 0.38

Monthly 0.49 0.61 0.30 0.72 0.60 0.43 0.52

6 hrs (8 : 00-14 : 59)

Daily 0.18 0.66 0.12 0.60 0.64 0.39 0.18

Weekly 0.33 0.61 0.20 0.67 0.59 0.40 0.32

Monthly 0.45 0.62 0.28 0.69 0.61 0.42 0.46

2 hrs (8 : 00-10 : 00)

Daily 0.06 0.70 0.04 0.51 0.70 0.36 0.06

Weekly 0.21 0.56 0.12 0.64 0.59 0.38 0.24

Monthly 0.35 0.59 0.21 0.67 0.58 0.39 0.36

1 hr (8 : 00-9 : 00)

Daily 0.05 0.66 0.03 0.50 0.67 0.34 0.05

Weekly 0.20 0.56 0.11 0.63 0.61 0.38 0.24

Monthly 0.31 0.60 0.19 0.67 0.58 0.39 0.29

Table 6.  Combined performance indices of load prediction for different time intervals and aggregation levels.

 

Fig. 8.  Overlap area of combined and 2023 loads (a) daily, (b) Weekly, and (c) Monthly.

 

Period/index

Combined: total 2023: total

Overlapcov spec J cov spec J

Daily 0.31 0.59 0.18 0.64 0.60 0.38 0.31

Weekly 0.42 0.59 0.25 0.70 0.58 0.41 0.43

Monthly 0.53 0.59 0.31 0.73 0.60 0.43 0.57

Table 5.  Performance indices of load prediction.
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and are therefore not publicly available. Data may be obtained from the authors upon reasonable request and 
with permission from the Oman Electricity Transmission Company.
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