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Abstract: Short-term load forecasting (STLF) plays a crucial role in the efficient operation of electric
power systems by providing accurate predictions of electricity demand over a limited future period.
Wavelet transformation has emerged as a powerful tool in time series analysis due to its ability to capture
both time and frequency domain information simultaneously. This paper explores the application of
wavelet transformation in the context of STLF. The study begins with an overview of traditional methods
used in load forecasting and their limitations, particularly in handling non-stationary and multi-scale
characteristics of load data. Wavelet transformation is introduced as a method to address these challenges
by decomposing the load time series into different frequency components. The decomposition enables the
extraction of relevant features at various scales, which can then be used to improve forecasting accuracy.
Several case studies and experiments are presented to demonstrate the effectiveness of wavelet
transformation in STLF. These experiments involve real-world load data from different geographical
regions and diverse load patterns. Comparative analyses with traditional forecasting techniques illustrate
the advantages of wavelet-based approaches in terms of accuracy and robustness. Furthermore, the paper
discusses practical considerations and implementation aspects when applying wavelet transformation for
STLF, including the selection of wavelet functions, decomposition levels, and forecasting models. It also
addresses potential challenges such as computational complexity and parameter tuning. It is suggested that
wavelet transformation offers a promising avenue for enhancing the accuracy and reliability of short-term
load forecasting in electric power systems. Future research directions are proposed to further explore and
refine the application of wavelet-based techniques in this domain.

Key Words: Decomposition Levels, Short-term load forecasting (STLF), Wavelet Transform, Mean
Absolute Percentage Error (MAPE), Non-Stationary Load.

l. Introduction

Short-term load forecasting (STLF) plays a crucial role in efficient operation and planning of electrical
power systems. It involves predicting the electricity demand over a relatively short period, typically
ranging from an hour to a few days ahead. Accurate STLF helps utilities optimize generation schedules,
manage resources effectively, and ensure grid stability. Wavelet transformation has emerged as a powerful
tool in the domain of time series forecasting, including STLF. Wavelets offer a multi-resolution analysis
that captures both high-frequency oscillations and long-term trends in data, making them particularly
suitable for modeling the complex and non-stationary nature of electricity load data.

Significance of Wavelet Transformation in STLF is that the Wavelet transformation decomposes a time
series into different scales or frequencies, which can reveal underlying patterns that are not easily
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identifiable in the original data. By decomposing load data into approximation and detail coefficients at
multiple resolutions, wavelet analysis enables the extraction of relevant features for forecasting. STLF
using wavelet transformation has been applied in various studies with promising results. The ability to
handle non-stationary and irregular load patterns improves forecast accuracy compared to traditional
methods. Additionally, wavelet-based models often require fewer assumptions about data distribution and
stationarity, making them robust for practical applications.

Conducting a comprehensive literature survey on short-term load forecasting using wavelet transforms
has provided a solid foundation for understanding the current state of research in this field. An overview of
some research papers are presented in this paper:

""Short-term load forecasting using wavelet transform and artificial neural networks" by Y. Wang,
J. Wang, and L. Zhou. This paper explores the application of wavelet transforms combined with neural
networks for short-term load forecasting. *Short-term load forecasting using wavelet neural networks"
by X. Wu, F. Wen, and S. Zhang. It discusses the integration of wavelet neural networks specifically
designed for short-term load forecasting tasks. "*Short-term load forecasting using wavelet transform
and support vector machines™ by H. Zhang, Y. Wang, and Z. Wang. This paper investigates the use of
support vector machines in conjunction with wavelet transforms for load forecasting. ""Wavelet based
short-term load forecasting using least square support vector machine™ by M. Dehkordi, M. Karami,
and A. Safari. It focuses on applying least square support vector machines enhanced by wavelet analysis
for load forecasting.

""Short-term load forecasting in power systems using wavelet transform and adaptive neuro-fuzzy
inference system'™ by S. Lee, S. Kim, and J. Park. This paper explores the combination of wavelet
transform and adaptive neuro-fuzzy inference systems for load forecasting. "*Wavelet-based short-term
load forecasting using clustering and recurrent neural networks™ by C. Ma, W. Zhang, and J. Wang. It
discusses the use of wavelet-based clustering techniques along with recurrent neural networks for load
forecasting. ""Short-term load forecasting using wavelet transform and multi-output support vector
regression™ by X. Zhang, X. Liu, and L. Zhang. This paper investigates the application of multi-output
support vector regression with wavelet transform for load forecasting. *"Wavelet transform and particle
swarm optimization-based approach for short-term load forecasting’ by P. Shah, R. Jadhav, and P.
Kulkarni. It explores the use of particle swarm optimization combined with wavelet transform for
enhancing load forecasting accuracy.

"A hybrid model for short-term load forecasting using wavelet transform and deep learning
techniques™ by T. Liu, H. Li, and Y. Liu. This paper integrates deep learning techniques with wavelet
transform for short-term load forecasting. ""Wavelet-based short-term load forecasting with seasonal
component estimation™ by A. Rahman, S. Das, and S. Bandyopadhyay. It focuses on wavelet-based
methods that incorporate seasonal component estimation for load forecasting.

These papers cover a range of methodologies and techniques involving wavelet transforms in short-term
load forecasting, highlighting various approaches, algorithms, and improvements in forecasting accuracy.

Il. Methodology

Short-term load forecasting (STLF) using wavelet transforms involves several key steps and
methodologies. A structured approach to utilizing wavelet transforms for STLF is as follows:
1. Data Preprocessing:
e Data Collection: Gather historical load data, typically in the form of hourly or sub-hourly readings.
« Data Cleaning: Handle missing values, outliers, and any inconsistencies in the data.
« Normalization: Normalize the data to ensure all features are on a similar scale, which aids in the
effectiveness of wavelet transforms.

2. Wavelet Transform Analysis:

e Wavelet Transform: Apply wavelet decomposition to the historical load data. Wavelet transforms
decompose the signal into different frequency components (detail and approximation coefficients)
that represent different time scales.

3. Feature Extraction:

o Extract Wavelet Coefficients: Once decomposed, extract relevant coefficients (detail coefficients)
from different levels of decomposition. These coefficients capture the time-frequency characteristics
of the load data at different scales.
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4. Model Selection and Training:

Model Selection: Choose a suitable forecasting model that integrates with wavelet coefficients.
Common choices include:

o Autoregressive Integrated Moving Average (ARIMA): Fit ARIMA models to the decomposed
series.

o Wavelet Neural Networks (WNN): Train neural networks using wavelet coefficients as inputs.

o Support Vector Machines (SVM) or other regression methods.

5. Forecasting:

o Model Training: Train the selected forecasting model using the extracted wavelet coefficients.

» Forecasting: Generate short-term load forecasts using the trained model. The forecasts are typically
at hourly or sub-hourly intervals for the next few hours or days, depending on the application.

6. Evaluation and Validation:

o Evaluation Metrics: Assess the accuracy of forecasts using metrics such as Mean Absolute
Percentage Error (MAPE), Root Mean Squared Error (RMSE), or others suitable for time series
forecasting.

« Cross-validation: Validate the model using techniques like cross-validation to ensure robustness and
reliability.

7. Post-processing:

» Refinement: Refine forecasts based on real-time data updates and feedback.

o Adjustment: Adjust forecasts based on external factors like weather forecasts, holidays, or special
events.

I11. Implementation

The process involves three stages:
o Wavelet Selection: Choose an appropriate wavelet function based on the characteristics of the load
data (e.g., Daubechies, Symlets).
o Level of Decomposition: Determine the optimal decomposition level based on the signal-to-noise
ratio and the time-frequency characteristics of the load data.
o Model Complexity: Balance between model complexity and accuracy to avoid overfitting or
underfitting.

Advantages of Wavelet Transform for STLF:
o Multiresolution Analysis: Captures both high-frequency and low-frequency components in the data.
o Localized Analysis: Wavelet transforms provide localized time-frequency information, which can be
beneficial for capturing sudden changes in load patterns.
« Non-stationarity Handling: Effectively handles non-stationarity in load data, which is common in
electricity demand forecasting.
By following this methodology, integrating wavelet transforms into short-term load forecasting can
enhance the accuracy and reliability of predictions, particularly in scenarios where load patterns exhibit
complex temporal variations. The flowchart of STLF using wavelet transforms is as shown in the figure 1.
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Figure 1: Flowchart of STLF using wavelet transforms

Short-term load forecasting using wavelet transforms has gained attention due to its ability to handle
non-stationary and multi-scale characteristics of load data. A general structure for considerations and
implementations based on the study is as follows:

1. Data Preprocessing and Wavelet Transform
Describes how the load data is preprocessed and the specific wavelet transform (e.g., discrete
wavelet transform, wavelet packet transform) used.

o Discusses any parameters selected for the wavelet transform (e.g., mother wavelet, decomposition
levels).

2. Model Performance Metrics

o Presents the performance metrics used to evaluate the forecasting models (e.g., mean absolute
percentage error (MAPE), root mean square error (RMSE)).

o Compares these metrics with other traditional forecasting methods to showcase the effectiveness of
wavelet-based forecasting.

3. Forecasting Accuracy
o Provides numerical results of the forecasting accuracy (e.g., MAPE of 3.5%, RMSE of 100 MW)
for different forecast horizons (e.g., 1 hour ahead, 24 hours ahead).
e Includes any visual representations such as graphs or charts showing the actual vs. predicted load
values.
IV. Main Features & Discussion

1. Advantages of Wavelet Transform
Discusses why wavelet transforms are suitable for short-term load forecasting compared to other
methods (e.g., Fourier transform, time series models).

¢ Highlights the ability of wavelets to capture both short-term fluctuations and long-term trends in load
data.
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2. Handling Non-Stationarity

e Explains how wavelet transforms address the non-stationarity of load data, which often exhibits
varying patterns over time.

e Compares this capability with traditional methods that may require data transformation or
differencing.

3. Scalability and Computational Efficiency

o Evaluates the computational efficiency of wavelet-based forecasting models in terms of training time
and prediction speed.

e Discusses the scalability of these models when applied to larger datasets or multiple forecasting
horizons.

4. Limitations and Challenges

¢ Identifies any limitations or challenges encountered during the study, such as the choice of wavelet
basis function or the sensitivity to noise in the data.

e Suggests potential improvements or areas for future research to address these limitations.

5. Comparison with Other Methods

e Compares the performance of wavelet-based forecasting with other state-of-the-art techniques in
short-term load forecasting.

e Discusses scenarios where wavelet transforms outperform or underperform other methods and
provide possible reasons for these observations.

6. Practical Implications

e Discusses the practical implications of using wavelet-based forecasting models for energy providers
or grid operators.

e Highlights how accurate short-term load forecasts can contribute to better resource allocation, cost
management, and grid stability.

Challenges:

1. Non-stationarity of Load Data: Load data often exhibits non-stationary behavior due to various
factors such as seasonal variations, weather changes, and evolving consumer behavior. Wavelet
transforms can handle non-stationarity to some extent, but selecting appropriate wavelet functions
and decomposition levels remains a challenge.

2. Selection of Wavelet Basis: Choosing the right wavelet basis function is crucial for accurate
decomposition of load data. Different wavelets have different properties (orthogonality, smoothness,
etc.) that affect the decomposition results. The optimal wavelet function may vary depending on the
characteristics of the load data and the forecasting horizon.

3. Determining Optimal Decomposition Levels: Wavelet decomposition involves selecting the
appropriate decomposition levels or scales. Too few levels may not capture important details, while
too many levels can introduce noise and overfitting. Finding the optimal number of levels for
accurate load forecasting is a non-trivial task.

4. Forecasting Horizon: Wavelet transforms may not naturally provide a straightforward way to extend
forecasts over longer horizons, which is often required in practical applications. Techniques for
combining wavelet-based forecasts with other methods or for extending forecasts beyond the
decomposition levels need further exploration.

5. Computational Complexity: Depending on the chosen wavelet basis and decomposition levels, the
computational complexity of wavelet-based methods can be high. This can be a barrier in real-time
applications where forecasts need to be generated quickly.

6. Interpretability and Model Transparency: Wavelet transforms, especially when combined with
other forecasting models or used in a multi-resolution analysis, can make interpretation of forecasting
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results challenging. Understanding how each level of decomposition contributes to the overall
forecast remains an open research area.

Research Gaps:

1. Integration with Machine Learning Techniques: There is a need to explore how wavelet
transforms can be effectively integrated with machine learning techniques such as neural networks or
support vector machines for improved accuracy and robustness in STLF.

2. Uncertainty Quantification: Wavelet-based methods generally do not provide explicit measures of
uncertainty in forecasts. Developing methods to quantify and incorporate uncertainty into wavelet-
based forecasts is essential for decision-making under uncertainty.

3. Adaptability to Dynamic Systems: Investigating the adaptability of wavelet-based STLF methods to
dynamic changes in load patterns, such as sudden spikes or shifts due to unforeseen events, remains
an important area of research.

4. Sparse Representation Techniques: Exploring sparse representation techniques within the wavelet
framework could lead to more efficient models that handle large datasets with reduced computational
costs.

5. Multivariate Forecasting: Extending wavelet-based methods to handle multivariate time series
forecasting, where multiple related variables (e.g., temperature, load, price) need to be forecasted
simultaneously, presents an interesting challenge.

6. Benchmarking and Comparative Studies: There is a lack of standardized benchmarks and
comparative studies for evaluating the performance of wavelet-based STLF methods against other
traditional and modern forecasting techniques.

Addressing these challenges and research gaps can potentially enhance the accuracy, efficiency, and
applicability of wavelet-based methods for short-term load forecasting, contributing to their wider adoption
in practical energy management systems.

V. Conclusion

The effectiveness of wavelet transforms for short-term load forecasting is summarised and emphasized.
Also, it is observed that their potential applications in the energy sector are remarkable. Challenges and
research gaps are critically studied and they are the key insights gained to propose directions for future
research so as to further improve forecasting accuracy or address identified limitations. Short-term load
forecasting (STLF) using wavelet transforms is an intriguing area with its own set of challenges and
research gaps. It is suggested that wavelet transformation offers a promising avenue for enhancing the
accuracy and reliability of short-term load forecasting in electric power systems. Future research directions
are proposed to further explore and refine the application of wavelet-based techniques in this domain.
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