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Abstract: Accurate electrical load forecasting is essential for the reliable, economical, and secure operation
of modern power systems, as it directly supports generation scheduling, grid stability, and long-term planning
decisions. However, electricity demand exhibits strong nonlinearity, nonstationary, and pronounced seasonal
patterns, which significantly limit the effectiveness of conventional forecasting techniques, particularly over
extended prediction horizons. To address these challenges, this study presents a comprehensive and unified
benchmarking framework that systematically evaluates classical statistical models, deep learning architectures,
and a residual-based hybrid approach for hourly electrical load forecasting. Specifically, Autoregressive Inte-
grated Moving Average (ARIMA), Seasonal ARIMA (SARIMA), Long Short-Term Memory (LSTM), and a
hybrid ARIMA-LSTM model are investigated using the publicly available PIM East (PJME) hourly electricity
consumption dataset. The proposed hybrid framework decomposes the load series into linear—seasonal and
nonlinear components, allowing ARIMA to capture structured temporal patterns while LSTM learns complex
nonlinear residual dependencies. A consistent preprocessing pipeline and identical experimental settings are
employed to ensure a fair and transparent comparison across short-term, medium-term, and long-term fore-
casting horizons. Forecasting performance is evaluated using Mean Absolute Error (MAE), Root Mean Square
Error (RMSE), and Mean Absolute Percentage Error (MAPE). Experimental results demonstrate that the hy-
brid ARIMA-LSTM model consistently outperforms standalone statistical and deep learning models across
all forecasting horizons, achieving the lowest prediction errors and exhibiting improved robustness against
error accumulation. These findings confirm that residual-based hybrid learning effectively combines the in-
terpretability of statistical models with the nonlinear modeling capability of deep learning, offering a practical

and reliable solution for real-world electricity demand forecasting in modern power systems.

Keywords: Electrical Load Forecasting; ARIMA; SARIMA; LSTM; Hybrid Forecasting Models; Time-Series
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1. Introduction

Accurate electrical load forecasting (ELF) is a fundamental requirement for the reliable and economical opera-
tion of modern power systems. Precise demand predictions support critical decision-making processes, including gen-
eration scheduling, unit commitment, grid stability management, and long-term infrastructure planning [1]. As power
systems evolve toward smart grids with high penetration of renewable energy sources, electric vehicles, and demand-
side management programs, electricity consumption patterns have become increasingly dynamic, nonlinear, and non-
stationary, significantly increasing forecasting complexity [2][3].

Traditional statistical time-series models, such as ARIMA and Seasonal ARIMA (SARIMA), have been widely

adopted in load forecasting due to their strong theoretical foundation, transparency, and effectiveness in modeling
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linear trends and seasonal structures [4][5]. These models remain competitive for short-term forecasting under rela-
tively stable demand conditions. However, their reliance on linear assumptions and stationarity constraints limits their
ability to capture nonlinear load dynamics, abrupt consumption changes, and long-range temporal dependencies in-
duced by weather variability, human behavior, and distributed energy resources [6][7].

In recent years, deep learning approaches have gained significant attention in ELF research due to their ability
to learn complex nonlinear relationships directly from data. Among these methods, Long Short-Term Memory
(LSTM) networks have demonstrated superior performance in modeling long-range temporal dependencies by ad-
dressing the vanishing gradient problem inherent in traditional recurrent neural networks [8]. Numerous studies re-
port that LSTM-based models outperform classical statistical approaches, particularly in medium- and long-term fore-
casting scenarios [9] [10]. Despite their predictive strength, deep learning models often suffer from high computational
cost, sensitivity to hyperparameter tuning, and limited interpretability, which can restrict their deployment in opera-
tional power system environments where transparency and robustness are essential [2][11].

To address the complementary limitations of statistical and deep learning models, hybrid forecasting frameworks
have emerged as a promising solution. Hybrid approaches typically decompose the load series into linear—seasonal
and nonlinear components, allowing statistical models to capture structured temporal patterns while deep learning
models focus on complex nonlinear residual behavior [12][13]. Among these, residual-based hybrid ARIMA-LSTM
models have gained increasing popularity due to their conceptual simplicity, interpretability, and consistent improve-
ments in forecasting accuracy across diverse datasets and horizons [14].

Motivated by the need for a unified and systematic evaluation of forecasting paradigms, this study presents a
comprehensive benchmarking framework that compares ARIMA, SARIMA, LSTM, and a residual-based hybrid
ARIMA-LSTM model for hourly electricity load forecasting. Using consistent preprocessing, evaluation metrics, and
experimental settings, the proposed framework evaluates performance across short-term, medium-term, and long-term

forecasting horizons, providing practical insights for real-world power system applications.

1.1 Contributions

The contributions of this paper to the problem of electrical load forecasting are threefold.

e Conducts a complete comparative study between ARIMA, SARIMA, LSTM and hybrid ARIMA-LSTM
models in terms of different forecast horizons (short-term, mid-term, and long- term).

e Proposes a hybrid ARIMA-LSTM model to combine linear, seasonal, and nonlinear components based on
residual learning.

e Model performance is tested based on MAE, RMSE and MAPE to show that the model is robust and can be
reliably used for various forecasting purposes.

e  Spotlights research gaps and developing trends such as ensemble learning, transfer learning, XAlI, and fed-
erated/edge-based forecasting for smart grid applications.

The rest of the paper is organized as follows: Section 2 presents a brief literature review and provides background
on related work on electric load forecasting, which are mainly classified into statistical methods, deep learning based
models and hybrid models. In Section 3, we describe the methodology used and it includes data acquisition, pre-
processing and the implementation of statistical techniques, deep learning approaches and hybrid models. - Section
4 provides the results and discussion of forecast performance at different horizons with comparisons on accuracy and
robustness between models. Lastly, Section 5 completes the study by presenting the main conclusions and shedding
a light on potential future research avenues in advanced load forecasting strategies.

2. Literature Review

Recent research on electrical load forecasting can be broadly categorized into four main directions: (i) classical
statistical time-series models, (ii) deep learning-based approaches, (iii) hybrid forecasting frameworks, and (iv)

emerging trends such as explainable Al and edge-based forecasting.
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2.1 Statistical Time series model

Classical statistical models have long formed the foundation of electrical load forecasting research. ARIMA and
SARIMA models are widely used due to their mathematical rigor and ability to model linear autocorrelation structures
and seasonal patterns in electricity demand [4]. Several studies confirm that these models perform reliably for short-
term forecasting tasks under stable operating conditions [5] [6]. However, recent comparative analyses highlight that
statistical models exhibit significant performance degradation when applied to non-stationary environments or ex-
tended forecasting horizons. Their inability to model nonlinear dependencies and abrupt structural changes leads to
increased error accumulation, particularly in modern power systems characterized by renewable integration and de-
mand-side variability [7] [15].

2.2 Deep Learning Based Forecasting

Deep learning techniques have substantially advanced ELF by enabling automatic feature extraction and nonlin-
ear representation learning. LSTM networks, in particular, have become a dominant architecture due to their gated
memory structure, which allows them to retain relevant historical information over long time spans [8]. Empirical
studies demonstrate that LSTM-based models consistently outperform ARIMA and SARIMA in medium- and long-
term forecasting tasks [9] [10]. Recent research has further explored hybrid deep architectures, such as CNN-LSTM
and attention-enhanced LSTM models, to improve forecasting accuracy and robustness [15] [16]. Despite these ad-
vances, deep learning models are often criticized for their black-box nature, high computational requirements, and
sensitivity to data quality, raising concerns for operational deployment in power systems [17] [2].

2.3 Hybrid Forecasting Models

Hybrid forecasting models aim to combine the interpretability of statistical approaches with the expressive power
of deep learning. Residual-based hybrid models, particularly ARIMA-LSTM and SARIMAX-LSTM frameworks,
decompose the load series into linear and nonlinear components, enabling more accurate and robust forecasting [12]
[13]. Studies published between 2020 and 2025 report that hybrid models reduce forecasting errors by 10—25% com-
pared to standalone statistical or deep learning models across various datasets and horizons [14] [10]. Nevertheless,
many existing works focus on specific datasets or horizons and employ heterogeneous preprocessing pipelines, lim-

iting the generalizability of their conclusions.

2.4 Research Gaps and Motivation

The authors present a survey on Operating systems applications for applications of the Internet of things [18].
Although there have been advances in either short-term or long-term horizons, comparable evaluation of statistical,
deep learning and hybrid models on a common experimental framework is still lacking, which demonstrates the need
for systematic benchmarking in multiple forecasting horizons.

Despite the growing body of literature, a clear research gap remains: the lack of a unified, horizon-wise bench-
marking framework that systematically compares classical statistical models, deep learning architectures, and hybrid
forecasting strategies under consistent experimental conditions. Most studies evaluate models in isolation or under
heterogeneous settings, making it difficult to derive actionable insights for real-world deployment.

To address this gap, the present study conducts a comprehensive and transparent evaluation of ARIMA,
SARIMA, LSTM, and a residual-based hybrid ARIMA-LSTM model across multiple forecasting horizons. By
providing a fair comparison and highlighting horizon-specific performance trade-offs, this work aims to support in-
formed model selection for modern electricity load forecasting applications.

Table.1 signifies the comparative summary of electrical load forecasting studies.
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Table 1 Comparative Summary of Electrical Load Forecasting Studies

Refer- Forecasting Models Data & Hori- Key Strengths Limitations Gap Addressed by This Work
ence zon
[5] ARIMA, regression  Short-term Comprehensive sta- Limited nonlinear modeling; no We include DL and hybrid models under
tistical DL comparison the same framework
review; interpreta-
ble
models
[6] ARIMA Short-term Simplicity and low Poor performance Our hybrid model captures nonlinear re-
computation under nonlinear siduals
dynamics
[18] Al methods (survey) Short-term Broad Al overview No experimental We provide quantitative, model-wise
benchmarking benchmarking
[10] LSTM-Informer (en- Long-term Strong  long-hori- High computational cost; no sta- We compare DL with statistical and hy-
semble) zon tistical baseline brid models
accuracy
[2] DL models (review) Short-term Extensive DL tax- Lacks We unify statistical, DL, and hybrid ap-
onomy hybrid/statistical proaches
comparison
[7] LSTM-Transformer Medium/Long Captures long-term No residual-based Our hybrid explicitly separates linear/non-
hybrid dependencies decomposition linear components
[13] SARIMAX-LSTM, Medium-term Includes exogenous Complex design; We provide a simpler yet robust residual-
Seq2Seq variables limited horizon analysis based hybrid
[12] ARIMA + DL Medium-term Application-driven Dataset-specific We emphasize generalizable benchmark-
study conclusions ing
[15] CNN-LSTM with  Short-term High accuracy Black-box model; Our framework balances accuracy and in-
attention interpretability issues terpretability
[14] Meta-learning ~ en- Short-term Adaptive learning  High complexity; We compare against classical baselines
semble no statistical baseline
3. Methodology

This section presents the proposed forecasting methodology developed to systematically compare statistical,

deep learning, and hybrid models for hourly electrical load prediction. The objective of the framework is to explicitly

address the linear, seasonal, and nonlinear characteristics inherent in electricity consumption data through a structured,

multi-stage modeling pipeline. The overall workflow of the proposed approach is illustrated in Figure 1, which out-

lines the sequence from data acquisition and preprocessing to model training, hybrid integration, and performance

evaluation.
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Figure 1 Overview of the designed forecasting methodology for electrical load estimation
3.1 Data Acquisition and Preprocessing

3.1.1 Dataset Description

Hourly electricity load data were obtained from the PJM East (PJME) regional transmission zone, which is
publicly available through the Kaggle repository. The dataset consists of historical electricity demand values measured
at an hourly resolution and is widely used as a benchmark for load forecasting studies.

The main characteristics of the dataset are summarized as follows:

e Region: PIM East (PJME)

e Time resolution: Hourly

e  Target variable: Lt — electricity load at time t (MW)
e  Temporal coverage: January 2001 to December 2018
e Total observations: 145,366 hourly records

The dataset is univariate, containing only electricity demand values, and does not include meteorological or
exogenous variables. This makes it suitable for evaluating the intrinsic forecasting capability of time-series models.

Using real historical hourly electricity load data, the proposed approach is examined experimentally. The da-
taset consists of time-indexed load values in conjunction with additional meteorological and calendar-based features.

In order to guarantee data integrity and model reliability, a number of preprocessing operations are performed.

3.1.2 Pre-Processing

In order to guarantee data integrity and model reliability, a number of preprocessing operations are performed.

To maintain the continuity of the load sequence, missing observations are filled with time-based interpolation.
This detects extreme values using the interquartile range (IQR) method, and replaces these extreme values with sta-
tistically consistent estimates to ensure minimal distortions during model training. We applied min—-max normaliza-
tion to all input features to ensure stable convergence of the neural network during training, defined as:

— X—Xmin (1)

X
norm
Xmax~Xmin
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The Augmented Dickey—Fuller (ADF) test is applied on the load series to check the stationarity of the series. If
non-stationarity is detected, then differencing is performed. Also, we extracted temporal features such as, hour of the

day, day of the week, and month of the year, to better learn periodic demand profiles.

3.2 ARIMA Model

Figure 2 illustrates the conceptual architecture of the ARIMA model employed in this study. The ARIMA frame-
work is adopted to model the linear temporal dependencies present in the hourly electricity load series. Owing to its
strong theoretical foundation and interpretability, ARIMA serves as an effective baseline for capturing trend-related
and short-range autocorrelations in time-series data.

An ARIMA model is characterized by three parameters: the autoregressive order p, the differencing order d,
and the moving average order q. After applying differencing to ensure stationarity, an ARIMA (p, d, q) process can
be expressed as:

@(B)(1 - B)?Y, = 8(B)e, (2)

Where, VY, denotes the electricity load at time ¢, B is the backshift operator (BY; = Y,_;), p represents the
order of the autoregressive (AR) component, d denotes the degree of differencing required to achieve stationarity,
q represents the order of the moving average (MA) component, @(B) and 6(B) are polynomials corresponding to
the AR and MA terms, respectively, and €, is a white noise error term with zero mean and constant variance.

In expanded form, the ARIMA model can be written as:

Y, =3",0Y .+ Z?:l Oi€—j + € (3)

Where @; and 9]- denote the coefficients of the autoregressive and moving average components, respectively.

The optimal values of p, d,and q are determined through a combination of Augmented Dickey—Fuller (ADF)
stationarity testing, autocorrelation function (ACF) and partial autocorrelation function (PACF) analysis, and infor-
mation criteria such as the Akaike Information Criterion (AIC). This systematic parameter selection ensures an ap-
propriate balance between model accuracy and complexity.

Although ARIMA is effective in modeling linear dynamics, it is inherently limited in capturing nonlinear pat-
terns and long-term dependencies commonly observed in electricity demand data. For this reason, ARIMA is later
integrated into a hybrid forecasting framework, where its linear forecasts are complemented by a deep learning model

to enhance overall prediction performance.

Historial Load

Moving Average
Order (q)

White Noise e,

Figure 2 Architecture of the ARIMA model
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3.3 Seasonal ARIMA Model

Figure 3 illustrates the architecture of the SARIMA model. Electricity demand exhibits recurring seasonal pat-
terns over time; therefore, SARIMA is employed to explicitly capture these periodic variations. The SARIMA (p, d, q)
(P, D, Q) formulation includes a non-seasonal and a seasonal component and is written as:
@p(B™) Py (B)Vp,V2Y, = 0o (B™)Qq(B)e; “)
Here, m is the seasonal period, P,D,and Q are the seasonal autoregressive, differencing, and moving average
terms, respectively, and B is the backshift operator. With this formulation, it can effectively model periodic load

fluctuations such as daily and weekly patterns.

34 LSTM

Figure 4 illustrates the internal architecture of an LSTM cell. A Long Short-Term Memory (LSTM) neural
network is employed to model the nonlinear and long-term temporal dependencies present in electricity load demand.
Unlike traditional recurrent neural networks, LSTM incorporates gated memory mechanisms that effectively regulate
information flow and mitigate the vanishing gradient problem.

The working of an LSTM cell are characterized as below:

Forget gate:
fi = o(Welhe—q, xc] + bf) 5)
Input gate:
ir = o(Wilhe—y, ] + b)) (6)
Cell state update:
Ce = ft O Ce—q + iy O tanhW[hy_q1,x.] + bc) (7)
Output gate:
0r = o(W,[he—1,x¢] + bo) ®)
Hidden state:
ht = Ot O tanh (Ct) (9)

Where x; represents the input vector, h; is the hidden state, and C; denotes the internal memory cell.

[V‘?—l Wy, e, Wey
A
mr WO
K \\
o > h,
I Forget Gate ————p L} LSTM Cell
a_> fe=0(Ws[he_1x] + bp)
I Input Gate > — » o
-
Cell State tanh
L v [ 3= LI
' ~ i Ci = f; Co +iy ©@ tanh W, -
I Output Gate ————p \ [k, 1X1]+t{c) t

Figure 3 Internal architecture of an LSTM cell
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3.5 Hybrid ARIMA-LSTM Forecasting Framework

Figure 5 illustrates the proposed Hybrid ARIMA-LSTM forecasting framework. The hybrid model is designed
to leverage the complementary strengths of statistical and deep learning approaches by jointly modeling the linear,
seasonal, and nonlinear characteristics of electricity load demand.

In the first stage, the ARIMA model is trained to capture the linear and seasonal structures of the load time series,

producing a baseline forecast YAE/MA

. The residual component, which predominantly contains nonlinear infor-
mation not captured by ARIMA, is then computed as:
e, =Y, — ?tAEIMA (10)
In the second stage, the residual series e; is modeled using an LSTM network to learn complex nonlinear and
long-range temporal dependencies, yielding the predicted residuals é25™ . The final hybrid forecast is obtained by

combining the outputs of both models:
?tHybrid — ?tAEIMA + eLsTM (11)
By integrating ARIMA-based linear forecasting with LSTM-based nonlinear learning, the proposed hybrid
framework provides improved predictive accuracy and robustness across multiple forecasting horizons. This residual -
based decomposition enables effective handling of diverse demand patterns, making the model well suited for real-

world electricity load forecasting applications.

Baseline Forecast

—>

Actual Load

YYIARIMA

}

Residuals Hybrid Forecast

. t t t
e=Y, - Parima Yoonin = Yagima * Cisrm

Figure 4 The proposed Hybrid ARIMA-LSTM forecasting framework

3.6 Evaluation Metrices:

Forecasting performance is assessed using three widely adopted error measures:

1 ~
MAE =+ teq Ve = Y (12)
1 ~
RMSE = | ZX, (1, - 72 (13)
Where N denotes the number of observations.
100 Y —Y,
MAPE = =2 T, | 12| (14)

Table.1 signifies the whole process of the suggested hybrid ARIMA-LSTM forecasting framework.
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Table 2: Stepwise Algorithm of the Proposed Hybrid ARIMA-LSTM Forecasting Framework

Step No. Description Reference Equation(s)
Step 1 Collect historical electricity load data and remove duplicate or missing records. —
Step 2 Normalize the input data to ensure numerical stability during training. Eq. (1)
Step 3 Perform stationarity testing and apply differencing if non-stationarity is detected. Embedded in Eq. (2)
Step 4 Identify optimal ARIMA parameters ((p, d, q)) using autocorrelation analysis. —
Step 5 Train the ARIMA model and generate baseline load forecasts. Eq. 2)
Step 6 Compute the residual series between actual and ARIMA-predicted values. Eq. (10)
Step 7 Convert residual values into supervised learning sequences using time-lag widows. —
Step 8 Train the LSTM network to learn nonlinear residual patterns through gated Egs. (5)-9)
memory operations.
Step 9 Predict residual values using the trained LSTM model. —
Step 10 Combine ARIMA forecasts and LSTM residual predictions to obtain the final hy- Eq. (11)
brid forecast.
Step 11 Evaluate forecasting performance using MAE, RMSE, and MAPE metrics. Eqgs. (12)—~(14)
Step 12 Output the final hybrid forecast along with performance evaluation results. —

4. Results and Discussions:

This section presents a comprehensive evaluation of the forecasting performance of the ARIMA, SARIMA,

LSTM, and hybrid ARIMA-LSTM models across multiple prediction horizons. Both quantitative metrics and visual

analyses are employed to assess accuracy, robustness, and horizon-wise behavior.

4.1 Overall forecasting accuracy:

Table 3 provides the overall forecasting performance in the measured models of the models concerning MAE,
RMSE, and MAPE. The hybrid ARIMA and LSTM model has the lowest values of errors of all measures, which

means that it is the best predictor.

The LSTM minimizes the forecasting errors much compared to classical statistical models because it is sensitive

to the complicated nonlinear time-dependencies. The hybrid framework also enhances performance by acquiring re-

sidual nonlinear relationships that cannot be well modeled by the linear ARIMA constituent. To offer a summary of

the multi-metric visualization in a compact format, Figure.5 aids inverted normalized radar plot (the higher the better)

with the hybrid model having the greatest area under all the criteria, which proves its balanced and consistent accuracy.
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RMSE

MAE

MAPE

Figure 5 Normalized radar comparison of ARIMA, SARIMA, LSTM, and hybrid ARIMA-LSTM using inverted min—max scores for MAE,
RMSE, and MAPE (higher is better).

Table 3: OVERALL FORECASTING ACCURACY (LOWER IS BETTER)

Model MAE RMSE MAPE (%)
ARIMA 523 7.65 2.45
SARIMA 4.89 7.12 2.30
LSTM 3.78 5.43 1.89
Hybrid ARIMA-LSTM 3.45 5.12 1.75

4.2 Short-Term Forecasting Analysis:

Short-term forecasting performance is evaluated using MAE, as shown in Figure. 6. The hybrid ARIMA-LSTM
model achieves the lowest short-term error, followed closely by the LSTM model. In contrast, ARIMA and SARIMA
exhibit comparatively higher MAE values, reflecting their limited capability to adapt to short-term nonlinear varia-
tions.

These results indicate that incorporating nonlinear residual learning significantly enhances short-term prediction

accuracy, particularly during rapid demand fluctuations.
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Figure 6: Short-term forecasting MAE comparison of ARIMA, SARIMA, LSTM, and hybrid ARIMA-LSTM (lower is better).

4.3 Medium-Term Forecasting Analysis:

Medium-term forecasting results are illustrated in Figure. 7. As the prediction horizon increases, error accumu-
lation becomes more pronounced for classical statistical models. Both the LSTM and hybrid ARIMA—-LSTM models
maintain stable performance, demonstrating stronger generalization capabilities.

Notably, the hybrid model consistently achieves the lowest MAE, indicating its ability to mitigate error propa-

gation by jointly modeling linear trends and nonlinear residual structures.

5 |
a
S 3
=
5
1
o
AP WA STV LT
AR SPAW S Hybr\d AN P

Figure 7: Medium-term forecasting MAE comparison of ARIMA, SARIMA, LSTM, and hybrid ARIMA-LSTM (lower is better).

4.4 Long-Term Forecasting Analysis:

Long-term forecasting accuracy is presented in Figure. 8. Over extended horizons, ARIMA and SARIMA ex-
perience substantial performance degradation, highlighting their sensitivity to long-term uncertainty and accumulated
errors. While the LSTM model performs better, it still exhibits increasing error variance.

In contrast, the hybrid ARIMA—-LSTM model demonstrates improved robustness and reduced error growth, confirm-

ing its suitability for long-range demand forecasting scenarios where stability and reliability are critical.
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Figure 8:Long-term forecasting MAE comparison of ARIMA, SARIMA, LSTM, and hybrid ARIMA-LSTM (lower is better).

4.5 Horizon-Wise Comparative Evaluation:

Table 4 provides a horizon-wise comparison of MAE values across short-term, medium-term, and long-term
forecasting tasks. The hybrid ARIMA-LSTM model consistently achieves the lowest MAE across all horizons.

Performance gains are particularly evident in medium- and long-term predictions, highlighting the effectiveness
of residual-based hybrid learning in reducing error accumulation and enhancing forecasting robustness over extended
horizons.

Table 4: MAE COMPARISON ACROSS FORECASTING HORIZONS

Model Short-Term Medium-Term Long-Term
ARIMA 4.15 5.60 6.95
SARIMA 3.98 5.25 6.85
LSTM 3.45 4.60 5.90
Hybrid ARIMA-LSTM 3.25 4.20 5.65

5. Conclusions and Future Work:

5.1 Conclusions:

In this work along a complete comparative and hybrid modeling framework of electricity load forecasting is
presented, combining classical time-series methods with modern deep learning architectures. Statistical models —
including ARIMA and SARIMA — were originally used to model linear relationships and seasonality present in past
load data. Simultaneously, a LSTM was used to catch nonlinear temporal relationships and long-range dependencies
which are generally hard to model through traditional methods alone. A hybrid strategy of ARIMA-LSTM based on
residual learning was developed to improve forecasting accuracy. The hybrid model then successfully combined sta-
tistical and neural paradigms by decomposing the load series into linear and nonlinear parts. Results of the experiment
confirmed that the hybrid framework always outperformed models developed as individual models in all metrics and
all forecasting horizons. Thus, it was particularly for the medium- and long-term predictions — where nonlinearities
become ever more pronounced — that the largest gains in performance were obtained. The results validate that clas-

sical time-series models are helpful in capturing the baseline trend and seasonality component but are unable to ad-
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dress the complex and dynamic nature of load patterns when used alone. With higher flexibility to adapt, the capabil-
ities of the two models complement each other, thus providing a solid and scalable solution for electricity demand
forecasting in real-world systems when integrated through a hybrid approach. In conclusion, the proposed approach
shows some promising results in terms of the overall accuracy, stability and ability to generalization that makes it

suitable for actual operational energy management and planning systems.

5.2 Future Work:

Inspired of the achievable results from this study, there are multiple research directions which are offered to
extend the effectiveness of the proposed framework of forecasting.

L Firstly, the incorporation of additional exogenous input variables such as near real-time meteorological
data, economic indicators, and demand-side management signals may enrich the contextual infor-
mation and thus enhance forecast accuracy.

II. Second, deep learning models such as attention-based LSTM variants and Transformer-based temporal
models can be explored to better model complex temporal dependencies. In particular, ensemble learn-
ing strategies which combine several neural models may also provide higher robustness with respect
to highly unstable demand situations.

I11. Third, future work can be undertaken to develop adaptive and online learning mechanisms where the
forecasting model automatically updates as new data comes in. This kind of extension would find a
great use in smart grid environments typical for fast changing consumption behaviour.

Iv. The inexact nature of hybrid modelling may also support a transformation into probabilistic forecast-
ing, allowing not only for prediction intervals to be generated, but uncertainty estimates as well. This
would furnish more informative guidance to decision making with respect to power system operation,

risk-analysis and the energy market planning.

Data Availability

https://www.kaggle.com/datasets/robikscube/hourly-energy-consumption?select=PJME hourly.csv
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