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Abstract: Modern power systems require accurate and uncertainty-aware forecasts of electricity demand to maintain stability and
optimize resource scheduling. Traditional models such as ARIMA and recurrent neural networks (RNNs) often struggle to capture long-
range temporal dependencies and to quantify prediction uncertainty. This paper presents a Transformer-based forecasting framework that
integrates self-attention mechanisms with probabilistic quantile regression to model sequential dependencies in short-term and medium-
term energy-load data. Historical consumption, weather, and calendar attributes are pre-processed through regime-aware segmentation to
enhance robustness across seasonal and behavioral variations. The proposed system generates both point and interval forecasts—
providing operators with calibrated P10, P50, and P90 values—while simultaneously benchmarking against ARIMA, Random Forest, and
Gradient Boosting models using deterministic (MAPE, RMSE, MAE) and probabilistic (CRPS, PICP) metrics. Expected results indicate
a 20-25 % improvement in forecasting accuracy and a reduction of MAPE below 2.5 % for day-ahead and 5 % for week-ahead horizons.
The unified framework demonstrates how Transformer architectures can advance data-driven energy analytics through reliable,
explainable, and risk-sensitive forecasting.
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LINTRODUCTION modeling both sequential behavior and probabilistic
The reliable forecasting of electricity demand has become a characteristics.
cornerstone of modern energy management and smart-grid The Transformer architecture—originally developed for
operations. With the increasing penetration of renewable natural-language processing—has recently emerged as a
sources and the rapid digitalization of energy markets, system powerful alternative for time-series forecasting. Its self-
operators must predict short-term and medium-term load attention mechanism enables parallel processing of sequences
variations with both precision and confidence. Accurate and selective weighting of relevant temporal dependencies,
forecasts enable utilities to schedule generation, manage outperforming recurrence-based models in scalability and
reserves, and reduce operational costs, while probabilistic global context capture. In the energy domain, these advantages
estimates of uncertainty allow for risk-aware planning under translate to the ability to model complex, multi-seasonal
volatile grid conditions. However, the dynamic behavior of patterns and to integrate heterogeneous exogenous variables
electricity consumption—driven by evolving weather patterns, such as temperature, humidity, and calendar features. By
consumer habits, and distributed generation—continues to coupling the Transformer encoder—decoder framework with
challenge conventional time-series modeling techniques. probabilistic learning techniques such as quantile regression or
Traditional statistical models such as Auto-Regressive distributional modeling, researchers can generate calibrated
Integrated Moving Average (ARIMA) and regression-based interval forecasts (e.g., P10, P50, P90) that reflect realistic
approaches perform adequately when data exhibit stationarity uncertainty bounds.
and limited volatility. Likewise, recurrent neural networks Despite these advances, challenges remain in creating unified,
(RNNs) and their variants, including LSTM and GRU, have reproducible frameworks that combine robust preprocessing,
demonstrated improved ability to capture temporal probabilistic forecasting, and standardized evaluation metrics.
dependencies. Yet these models often face limitations in long- Existing implementations often neglect regime-based
range sequence modeling, training efficiency, and segmentation, cross-horizon benchmarking, or comparative
interpretability. ~ Moreover, they  generally  produce analysis against established baselines. Addressing these
deterministic outputs that fail to quantify the inherent deficiencies, the present work proposes a Transformer-based
uncertainty associated with future demand fluctuations. This sequential and probabilistic energy-load forecasting framework
gap between point prediction and uncertainty representation that integrates regime-aware preprocessing, multi-horizon
has prompted a transition toward architectures capable of evaluation (day-ahead and week-ahead), and uncertainty

quantification. The framework emphasizes reproducibility,
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interpretability, and performance benchmarking using both
deterministic and probabilistic accuracy measures. Through
this approach, it aims to strengthen the analytical foundation of
smart-grid forecasting systems and advance the role of deep
learning in data-driven energy intelligence.

II. LITERATURE SURVEY

A. Conventional Forecasting Approaches

Early energy load forecasting relied heavily on
statistical models such as ARIMA, SARIMA, and
Exponential Smoothing, which linear
relationships and stationarity in time-series data.

assume

These models performed adequately for stable
historical trends but failed to adapt to nonlinear and
volatile demand patterns, especially under renewable
penetration and behavioral shifts.

Classical techniques generally offered only point
forecasts, with no uncertainty quantification, limiting
their usefulness in risk-sensitive grid operations.

B. Evolution Toward Machine Learning and Deep
Learning

The emergence of machine learning methods,
including Support Vector Regression (SVR), Random
Forests, and Gradient Boosted Trees, improved
flexibility in capturing nonlinear features but
remained constrained by limited temporal context and
feature dependence.

Later, Recurrent Neural Networks (RNNs), especially
LSTM and GRU, became standard for sequential data
modeling. These architectures enhanced short- and
medium-term load forecasting by learning temporal
dependencies.

Despite improvements, RNNs struggled with long-
range dependencies, gradient vanishing, and
computational inefficiency, leading to degraded
performance over long forecasting horizons.

C. Emergence of Transformer-Based Forecasting

IMPACT FACTOR 6.228

The Transformer architecture, originally designed for
language translation, introduced the self-attention
mechanism capable of processing entire sequences in
parallel while emphasizing the most relevant time
steps.

In energy forecasting, this capability allows the

Transformer to model multi-scale temporal
dependencies and nonlinear dynamics without
recurrent propagation.

Variants such as Informer, Temporal Fusion

Transformer (TFT), and Autoformer have shown
superior results on benchmark datasets, reducing
MAPE and RMSE compared to RNNS.
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e Transformers also offer interpretability through
attention  weights, a valuable property for

D.

Probabilistic

understanding which time intervals most influence
load predictions.

Forecasting and Uncertainty

Quantification

Traditional deterministic forecasts cannot reflect
uncertainty.  Probabilistic
addresses this limitation by estimating prediction
(e.g., P10, P50, P90) using quantile
regression or distributional modeling.

inherent forecasting

intervals

Studies integrating probabilistic layers with neural
networks have demonstrated improved reliability and
decision support for system operators.

The Continuous Ranked Probability Score (CRPS)
and Prediction Interval Coverage Probability (PICP)
are widely used to assess the quality and calibration
of such probabilistic outputs.

E. Challenges in Existing Research

Weak Benchmarking Practices: Many Transformer-
based studies lack comparison with strong ensemble
baselines (e.g., Gradient Boosting, Random Forests),
leaving unclear whether performance gains stem from
architecture or data settings.

Regime Sensitivity: Few models explicitly handle
demand regime shifts—weekday/weekend transitions,
seasonal cycles, or extreme weather events—resulting
in higher forecast errors during these critical periods.

Different
datasets, horizons, and metrics make results non-

Inconsistent Evaluation Frameworks:
comparable across studies, limiting generalization and

reproducibility.

Limited Probabilistic Integration: Many Transformer
adaptations  remain  deterministic,  neglecting
uncertainty estimation essential for modern energy

systems.

F. Identified Research Gap

There is a lack of a unified framework that integrates
sequential  modeling  with
probabilistic forecasting, regime-aware preprocessing,
and standardized multi-horizon evaluation.

Transformer-based

The current study aims to fill this gap by providing a
reproducible, uncertainty-aware, and benchmarked
Transformer framework for day-ahead and week-
ahead load forecasting, advancing both theoretical
and practical energy analytics.

III. PROBLEM STATEMENT

Despite their strong potential, Transformer-based models for

energy load forecasting are underutilized due to limited
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probabilistic capabilities, lack of spatial integration, weak
benchmarking practices, poor robustness under regime shifts,
and inconsistent evaluation frameworks. There is a critical
need for a unified Transformer-based forecasting framework
that simultaneously addresses sequential dependencies and

V SYSTEM ARCHITECTURE

The proposed Transformer-Based Framework for Sequential
and Probabilistic Energy Load Forecasting consists of four
core modules that operate in a unified workflow:

e . . . . . 1. Data Acquisition and Preprocessing:
probabilistic forecasting requirements while ensuring rigorous N
. . . . Collects and cleans historical load, weather, and
benchmarking and practical robustness in smart grid contexts. ) >
calendar data. Normalizes features, fills missing
IV OBJECTIVES values, and applies regime-aware segmentation for
1. Develop Transformer Model: weekdays, weekends, holidays, and seasonal cycles.
Design a self—attention—baseq Transfgrmer to capture 2. Transformer Forecasting Module:
short- and long-term patterns in electricity load data. Implements an encoder—decoder Transformer using
2. Add Probabilistic Forecasting: multi-head self-attention to model both short- and
Extend the model to produce calibrated prediction long-term dependencies in sequential load data.
interval§ (P10, P50, P90) for uncertainty-aware 3. Probabilistic Forecasting Layer:
forecasting. Converts point forecasts into quantile-based
3. Multi-Horizon Evaluation: prediction intervals (P10, P50, P90) using quantile
Test performance for day-ahead (24 h) and week- regression or distributional modeling to represent
ahead (7 days) horizons using standard metrics. forecast uncertainty.
4. Benchmark Comparison: 4. Evaluation and Benchmarking:
Compare results with ARIMA, Random Forest, and Assesses the framework against ARIMA, Random
Gradient Boosting to ensure at least 2025 % error Forest, and Gradient Boosting using metrics such as
reduction over traditional models. MAPE, RMSE, CRPS, and PICP. Ensures
reproducibility and robustness across day-ahead and
week-ahead horizons.
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Figure 1. System Architecture

VI RESULTS

1. Accurate Sequential Forecasts:
Achieve high-precision day-ahead and week-ahead
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load predictions with reduced MAPE (<2.5% / <5%)
compared to baselines.

Probabilistic Forecasting Outputs:
Generate prediction intervals (P10, P50, P90) for
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uncertainty-aware decision support in power system
operations.

3. Regime-Aware Robustness:
Maintain stable forecasting performance across
seasonal  variations, = weekdays/weekends, and
holidays through regime-based preprocessing.

4. Benchmark Validation:
Demonstrate measurable improvement (20-25% error
reduction) over ARIMA, Random Forest, and
Gradient Boosting models.

5. Interpretability & Reproducibility:
Provide transparent results with attention-weight
visualization and a standardized evaluation setup to
ensure reproducibility for academic and industrial use.
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