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 Forecasting power consumption is a crucial aspect of managing cities 

and regions. Accurate forecasts ensure smooth and uninterrupted 

operation of consumer and industrial units. While the traditional 

methods of forecasting have been useful, the advent of big data has 

enabled the use machine learning techniques. In this paper, we discuss 

the applications of machine learning to power forecasting. We 

describe the technical details of the existing methods and highlight 

their strengths and weaknesses. We find that there is no single method 

that fits all scenarios. The optimal method depends on various factors 

including the characteristics of the data, the size of the data, and the 

forecasting horizon. 
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1. INTRODUCTION 

The effective management of power consumption is a crucial responsibility for both public and private 

utilities, as electricity serves as the foundation for nearly all aspects of modern society. Accurate forecasting 

of energy demand is a complex undertaking that involves numerous variables with a high degree of 

stochasticity. While traditional autoregressive and statistical models have been useful in this regard, they fail 

to leverage the availability of big data, which has emerged in recent times. The increased capacity to gather 

and store data allows for more comprehensive analysis and deeper insights. 

Enter machine learning and deep learning algorithms, which harness the power of big data to develop 

accurate models that learn from data. Intelligent systems have been increasingly utilized for power demand 

forecasting, and machine learning-based forecasting algorithms have become more prevalent than traditional 

models in the forecasting literature. Furthermore, hybrid methods that combine statistical and deep learning 

techniques have also demonstrated promising results. 

Given the significance and popularity of power demand forecasting, the amount of literature dedicated 

to this topic has grown substantially over the past decade. To navigate the existing body of research, this paper 

proposes a survey of the current state of the field. The primary goal is to analyze the existing literature related 

to power demand forecasting using machine learning techniques. Specifically, the major machine learning 

algorithms employed in power demand forecasting will be identified, and the technical details, achievements, 

advantages, and disadvantages of each approach will be discussed. Additionally, guidelines for comparing and 

selecting the optimal machine learning algorithms will be provided. 

The paper is structured as follows: Section 2 provides an overview of the existing machine learning 

methods employed for power demand forecasting. Section 3 delves into the details of each method. Finally, 

Section 4 concludes the paper. 

https://creativecommons.org/licenses/by-sa/4.0/
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2. ARTIFICIAL INTELLIGENCE AND ENERGY FORECASTING 

A wide range of machine learning approaches have been employed in power demand forecasting, 

including regression models, support vector machines (SVMs), artificial neural networks (ANNs), deep 

learning techniques, and ensemble learning models. Each method possesses unique strengths and weaknesses, 

and their performance varies depending on the characteristics of the specific problem at hand. While regression 

models tend to perform better in scenarios with limited data availability, deep learning models excel in 

problems where large amounts of data are available. Therefore, a proper understanding of each method is 

necessary to identify the optimal approach for a given problem. 

Regression models are among the most commonly used tools in power demand forecasting. They 

provide a quantitative measure of the relationship between the dependent variable (power demand) and one or 

more independent variables (such as temperature, time of day, and so on). The two key types are linear and 

non-linear regression models. Linear regression models are the simplest, assuming a straight-line relationship 

between the variables. In contrast, non-linear regression models accommodate more complex relationships and 

are generally more accurate, although computationally more intensive. Multiple regression models, which 

involve more than one independent variable, are often used for power demand forecasting due to the multiple 

factors influencing power demand. 

SVMs have been widely utilized in power demand forecasting due to their unique capabilities in 

addressing non-linear, high-dimensional, and sparse data issues. SVMs operate by mapping input vectors to a 

higher-dimensional space, where a hyperplane can be used to perform linear regression or classification. This 

characteristic allows SVMs to capture complex relationships in the data, making them a powerful tool in this 

domain. 

ANNs are a subset of machine learning models loosely inspired by the human brain. They are capable 

of learning from non-linear and complex data, making them well-suited for power demand forecasting. Feed-

forward neural networks (FFNNs) and radial basis function networks (RBFNs) are the two most popular types 

used in this field. FFNNs are well-suited to model complex non-linear relationships, while RBFNs offer 

advantages in terms of speed and simplicity of training. The major drawback of ANNs is their "black box" 

nature, which can make the interpretation of results challenging. 

Deep learning is a subfield of machine learning that focuses on algorithms inspired by the structure 

and function of the brain, called artificial neural networks. Deep learning was originally conceived as an 

extension of ANNs with multiple layers of neurons for better feature extraction. However, it has evolved into 

many different architectures. Specifically, Recurrent Neural Networks (RNNs) and Long Short-Term Memory 

(LSTM) networks have been particularly effective in power demand forecasting. RNNs have loops that allow 

information to be carried across nodes while processing sequential data, giving them a crucial advantage in 

power demand forecasting, as they can use historical data (previous power demands) to influence the network's 

forecasts. However, RNNs have difficulties handling long sequences due to the "vanishing gradient" problem. 

To address this issue, researchers developed LSTM, a type of RNN that overcomes this problem by introducing 

a mechanism called "gates." These gates allow the network to selectively remember or forget information, 

thereby effectively handling longer sequences. LSTM networks have shown exceptional performance in 

predicting power demand due to their ability to learn from long-term dependencies, which is a common 

scenario in power demand data. 

Ensemble methods combine predictions from multiple machine learning algorithms to deliver superior 

predictive performance. The basic principle behind the ensemble approach is to leverage the different strengths 

of various algorithms, thereby mitigating their individual weaknesses. Bagging and boosting are two popular 

ensemble methods used in power demand forecasting. Bagging improves prediction accuracy by reducing the 

variance of the estimate, while boosting reduces bias. 

Each of these machine learning techniques offers unique advantages and challenges. The choice of 

method typically depends on the specifics of the power demand forecasting problem at hand, such as the nature 

of the data, the forecasting horizon (short, medium, or long-term), and the computational resources available. 

It is also worth noting that hybrid models, which combine two or more of these methods, are becoming 

increasingly popular, as they offer the potential to capture the strengths of multiple methods while mitigating 

their weaknesses. Machine learning, with its capability to handle large, complex datasets and uncover hidden 

patterns, offers a powerful set of tools for power demand forecasting and is set to play an increasingly important 

role in this area. 

 

3. REVIEW OF ARTIFICIAL INTELLIGENCE IN ENERGY FORECASTING 
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3.1. Regression 

Regression techniques are widely adopted in the field of machine learning for forecasting applications, 

including predictions of power demand. These methods aim to estimate a continuous target variable (in this 

case, power demand) based on one or more input features. This section delves into the details of some 

commonly used regression-based models, namely linear regression, polynomial regression, and ridge 

regression. In linear regression, the dependent variable is modeled as a linear combination of the independent 

variables. The fundamental equation of a simple linear regression model is: 

 

                                                        Y = β0 + β1X + ϵ             (1) 

 

where: Y is the dependent variable, X is the independent variable, β0 is the constant, β1 is the slope of 

the regression line, and ϵ is the error term. 

Linear regression models have been compared with neural networks for photovoltaic power 

forecasting tasks, considering different input methods [4]. Researchers in [12] employed linear regression to 

forecast power demand in Spain, utilizing time series data of previous electricity consumption and other factors 

such as weather data. Their model demonstrated competitive performance for short-term forecasting.  

Polynomial regression is an extension of linear regression, where the model incorporates not only 

linear terms but also polynomial functions of the independent variables. A second-degree polynomial 

regression model can be expressed as: 

 

                                    Y = β0 + β1X1 + β2X2 ++ β3X3 +…+ βkXk + ϵ            (2) 

 

Polynomial regression was explored in [21], where the authors forecasted power demand in Alice 

Springs, a geographically solar energy-rich area in Australia, using various environmental parameters. In 

another study [26], polynomial regression was applied for long-term load forecasting in Taiwan's electricity 

system, incorporating factors such as economic indicators, population growth, and technological 

advancements. The polynomial regression model outperformed linear regression in terms of accuracy for long-

term forecasting. 

Ridge regression is a technique employed to address multicollinearity (high correlation among 

independent variables) in multiple linear regression data. It introduces a penalty term to the sum of squared 

coefficients in the cost function. The key equation for Ridge Regression is: 

 

                                                   min ||Y − Xβ||2 + λ||β||2               (3) 

 

where λ is the hyper parameter that controls the magnitude of the penalty term, ||.|| denotes the 

Euclidean norm, and β are the parameters to be learned. 

In [20], the authors utilized ridge regression to forecast the intermittency of Photovoltaic (PV) energy 

in smart grids. Another study by researchers in [3] applied ridge regression to short-term load forecasting in 

the Saudi electricity system, incorporating weather data, previous load patterns, and calendar variables. Ridge 

regression improved the model's performance in the presence of highly correlated input variable.  

These regression-based models have been widely adopted in power demand forecasting due to their 

interpretability and ability to capture linear and non-linear relationships between the input features and the 

target variable. However, their performance might be limited in scenarios where the underlying relationships 

are highly complex or involve intricate patterns. In such cases, more advanced machine learning techniques, 

such as neural networks or ensemble methods, may prove more suitable. 

 

3.2. Support Vector Machines 

Support Vector Machines (SVMs) are a category of machine learning algorithms utilized for both 

classification and regression problems. Their primary objective is to identify the optimal hyperplane that most 

effectively separates the data in a high-dimensional feature space, making them particularly suitable for 

intricate non-linear challenges. 

When employed for regression (Support Vector Regression, or SVR), the SVM aims to fit the best 

line within a predefined or specified boundary termed an ϵ-tube to approximate the actual data points. The key 

equation for Support Vector Regression can be expressed as follows: 

 

𝑚𝑖𝑛𝑤,𝑏,ξ,ξ∗
1

2
||𝑤||

2
+ 𝐶 ∑ (ξ𝑖 + ξ𝑖

∗)𝑛
𝑖=1                (4) 
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𝑦𝑖 − 𝑤⊤ϕ(𝑥𝑖) − 𝑏 ≤ ϵ + ξ𝑖              (5) 

 

                           𝑤⊤ϕ(𝑥𝑖) + 𝑏 − 𝑦𝑖 ≤ ϵ + ξ𝑖
∗                           (6) 

 

where: yi are the target values, xi are the input feature vectors, w is the normal vector to the hyperplane, b is 

the bias, ϕ(xi) is the function mapping xi to a higher dimensional space, ϵ defines the margin of tolerance where 

no penalty is given to errors, ξiand ξi
∗are nonnegative slack variables that allow for deviations outside the ϵ-

margin, C is a regularization parameter which determines the trade-off between the flatness of the hyperplane 

and tolerance to deviations larger than ϵ. 

SVMs have been extensively applied in various research studies. An approach for photovoltaic power 

forecasting based on an enhanced support vector machine with improved ant colony optimization was proposed 

in [25], demonstrating superior results. In [34], the authors utilized a single SVM model to predict daily power 

demand in China, considering historical power consumption data, weather information, and day-of-week 

information. Similarly, the researchers in [7] employed a standard SVM model to forecast hourly electricity 

load in Taiwan, incorporating input data on weather conditions, day of the week, and time of day. Their SVM 

model outperformed several competing forecasting models. 

In [18], the authors combined SVM, WLS, and PSO for short-term load forecasting in Brazil, where 

PSO was used to optimize the SVM parameters. The combined model exhibited better performance than a 

standalone SVM model. A study by researchers in Iran [5] employed a hybrid approach of wavelet transform 

(WT) and SVM for short-term load forecasting. The WT decomposed the load time series into sub-series, 

which were then forecasted using SVMs. 

The authors in [9] utilized Least Squares SVM to construct a time series model for short-term wind 

power forecasting, achieving accurate results. Least Squares SVM was also employed in the study by [40], 

where an LS-SVM model was used for day-ahead electricity load forecasting in Belgium, incorporating past 

load data, temperature data, and calendar variables. The LS-SVM outperformed traditional ARIMA models in 

this study. 

Conversely, Kernel SVM was employed in [30] for benchmark analysis of day-ahead solar power 

forecasting techniques using weather predictions. Similarly, Kernel SVM was utilized in [15], where the 

researchers implemented a Kernel SVM model for forecasting half-hourly electricity demand in Australia, 

considering predictors such as past demand data, temperature data, and time variables. The Kernel SVM model 

could capture complex non-linear relationships in the data. STOPHERE such as neural networks or ensemble 

methods, may prove more suitable. 

 

3.3. Artificial Neural Networks 

Artificial Neural Networks (ANNs) are a class of machine learning models that mimic the structure 

and functionality of biological neural networks found in the human brain. These models are composed of 

interconnected nodes or "neurons" organized into layers that transmit and process information. ANNs excel at 

identifying intricate patterns and relationships within data, making them widely applicable for tasks such as 

power demand forecasting. 

The most basic form of an ANN is the Feed-Forward Neural Network (FFNN), also referred to as the 

Multi-layer Perceptron (MLP). This architecture consists of an input layer, one or more hidden layers, and an 

output layer. Each node in a layer is connected to all nodes in the subsequent layer, with each connection having 

an associated weight. A node calculates the weighted sum of its inputs, applies a bias, and then passes the result 

through an activation function to generate its output. 

The equation for a neuron’s output in an FFNN can be represented as follows 

 

𝑦 = 𝑓(∑ 𝑤𝑗𝑥𝑗
𝑛
𝑗=1 + 𝑏)                        (7) 

 

where y is the output of the neutron, f is the activation function, wj are the associated weights, xj are 

the inputs to the neuron, and b is the bias. 

Training an ANN involves adjusting the weights and biases of the network to minimize the 

discrepancy between the network's predictions and the actual values. This process is typically carried out using 

techniques such as backpropagation and optimization algorithms like stochastic gradient descent. 

ANNs have been widely employed for power demand forecasting applications. One active area of 

research has been forecasting solar power generation [27]. Another clean energy source, wind power, has also 

garnered significant attention from forecasting researchers [24]. MLP has been used as the primary model for 
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short-term load forecasting in Brazil, utilizing historical load data, temperature data, and calendar variables as 

inputs. Additionally, researchers have successfully developed probabilistic wind power forecasting models 

using radial basis function neural networks [28], demonstrating superior performance compared to benchmark 

models. 

 

3.4. Deep Learning 

Deep learning is a subset of machine learning that utilizes artificial neural networks (ANN) with 

multiple layers, designed to replicate the structure and function of the human brain. These models are proficient 

in identifying patterns within extensive and intricate datasets. Over the years, the number of layers in these 

models has expanded, reaching thousands in the latest versions. The primary feature of deep learning models 

is their capability to learn features for tasks such as classification and regression. In power demand forecasting, 

these models can handle the complexity and variability of power demand data, leading to precise forecasts [6]. 

One of the prominent deep learning models used in forecasting is the Long Short-Term Memory 

(LSTM) network. LSTMs, a type of Recurrent Neural Network (RNN), are designed to overcome the long-

term dependency issue, enabling them to remember inputs over long durations. Traditional RNNs use past 

inputs to calculate future inputs through a hidden state mechanism, but repeated matrix multiplication during 

back-propagation often leads to the vanishing gradient problem. LSTM was developed to solve this problem. 

The LSTM architecture, introduced in 1998 [14], includes a cell state and three gates: input, forget, 

and output gates. The cell state runs through the entire chain with minimal linear interactions, while the gates 

manage the addition and removal of information from the cell state. 

The key equations of the LSTM cell are the following: Forget gate: 

 

ft = σ(Wf · [ht−1, xt] + bf )                    (8) 

 

Input gate:  

 

it = σ(Wi · [ht−1, xt] + bi)               (9) 
 

Cell state: 

 

Ct = ft ∗ Ct−1 + it · tanh(WC · [ht−1, xt] + bC)             (10) 
 

Output gate: 

 

ot = σ(Wo · [ht−1, xt] + bo)            (11) 

 

ht = ot · tanh(Ct)             (12) 

 
where xt is the input at time step t, ht is the output at time step t, Ct is the cell state at time step t, ft, it, and ot 

are the forget gate, input gate, and output gate, respectively, W and b are weights and biases, respectively, σ is 

the sigmoid function, and tanh is the hyperbolic tangent function. 

Numerous studies have applied LSTM to power demand forecasting. The research in [33] introduced 

a day-ahead photovoltaic (PV) power forecasting method using an LSTM-RNN model with time correlation 

modification under a partial daily pattern prediction framework. Another innovative approach for long-term 

solar photovoltaic power forecasting was presented in [29], where an LSTM with the Nadam optimizer was 

used, showing promising results in India. The study in [16] utilized LSTM for short-term residential power 

demand forecasting, incorporating historical power demand data, weather data, and time-related features. The 

LSTM model outperformed traditional machine learning models. In [31], a CNN-LSTM model was employed 

to forecast power demand in China, demonstrating the effectiveness of combining time series data with text 

data for enhanced forecasting performance. Similarly, [32] proposed an LSTM-CNN model that first extracts 

temporal features using LSTM and then spatial features using a convolutional neural network (CNN). The 

results showed that this hybrid model outperformed single prediction models. 

 

3.5. Convolutional Neural Networks 

The  Convolutional neural networks (CNNs), a subset of deep learning models, are predominantly 

employed in image processing, but they also find utility in time series analysis, such as power demand 
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forecasting. These networks consist of an input layer, several hidden layers (including convolutional, pooling, 

and fully connected layers), and an output layer. 

The convolution operation in the first layer of a CNN is defined as follows: 

\ 

z[l] = w[l] ∗ a[l-1] + b[l]                     (13) 

 

      a[l] = σ(z[l])                                                                   (14) 

 

where w[l] is the kernel or filter in the lth layer, a[l−1] is the output activations from the previous layer, 

b[l] is the bias in the lth layer, ∗ represents the convolution operation, σ is the activation function, z[l] and a[l] are 

the pre-activation and post-activation values, respectively, in the lth layer. 

Following the convolutional layers, pooling layers are frequently utilized to diminish the spatial 

dimensions of the representation. This reduction lowers the number of parameters and computational load 

within the network, thereby aiding in the prevention of overfitting. The pooling layer functions independently 

across each depth slice of the input, adjusting its spatial dimensions. 

CNNs are notably effective for power demand forecasting, particularly when integrated with Long 

Short-Term Memory (LSTM) networks. For instance, a hybrid technique employing a combination of 

Variational Mode Decomposition (VMD), CNN, and Gated Recurrent Unit (GRU) was implemented for short-

term wind power forecasting, accounting for spatiotemporal characteristics [34]. Another approach merged 

CNN and LSTM to predict wind power generation [19]. Researchers in [17] introduced a hybrid model 

featuring both CNN and LSTM to forecast stable power generation. In this model, CNN classified weather 

conditions, while LSTM captured power generation patterns based on these conditions. Similarly, the study in 

[2] applied a CNN-LSTM architecture to predict power demand in Rabat, Morocco, yielding promising 

outcomes. 

 

3.6. Ensemble Learning 

Ensemble learning techniques combine multiple machine learning models to enhance prediction 

accuracy. The core principle is that a collection of weak learners can collectively form a robust model. Among 

the various ensemble methods, the most prevalent are bagging, boosting, and stacking. 

Bagging involves training the same algorithm multiple times using different subsets sampled from the 

training data, with the Random Forest algorithm being the most notable example. In bagging, the final decision 

is made by averaging the outputs for regression tasks or through majority voting for classification tasks. 

Boosting, on the other hand, trains models sequentially, with each new model correcting the errors of its 

predecessor. The final decision is derived from a weighted sum of all models' decisions, with Gradient Boosting 

Machine (GBM) being a well-known boosting algorithm. Stacking combines multiple classification or 

regression models using a meta-classifier or meta-regressor. The base models are trained on the full training 

set, and their outputs are used as inputs for the meta-model. Some ensemble methods also incorporate feature 

selection. 

Recently, ensemble learning methods have gained traction in power demand forecasting. For instance, 

a calibrated ensemble of model chains was introduced in [22] for probabilistic photovoltaic power forecasting. 

An adaptive stochastic configuration network ensemble for short-term photovoltaic power forecasting was 

proposed in [11]. In [10], Random Forest was employed for multivariable response surface in short-term load 

forecasting, integrating the Random Forest model with the mean generating function model to yield promising 

results. An interpretable probabilistic model using natural gradient boosting for short-term solar power 

forecasting was presented in [23], featuring a two-stage probabilistic forecasting framework that delivers 

accurate, reliable, and transparent point forecasts and prediction intervals. A stacking approach for forecasting 

photovoltaic (PV) power generation was proposed in [1], utilizing a stacked ensemble algorithm (Stack-ETR) 

to predict PV output power one day ahead. This method employed three machine learning algorithms—random 

forest regressor (RFR), extreme gradient boosting (XGBoost), and adaptive boosting (AdaBoost)—as base 

models. 

 

4. COMPARATIVE ANALYSIS 

Selecting a machine learning algorithm for power forecasting depends on multiple factors such as the 

characteristics of the data, available computational resources, the need for model interpretability, and the 

desired level of accuracy. Each algorithm comes with its own set of strengths and weaknesses. 

 

Table 1. Sampling methods used in the study. 
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Algorithm Strength Weakness 

Linear 

Regression 

Easy to comprehend and interpret, quick in both 

training and prediction, and performs 

effectively with numerical and well-prepared 

datasets. 

Assumes a linear relationship between input and 

output, is sensitive to outliers, and struggles with 

irrelevant features. 

Support 

Vector 

Machine 

Performs well in high-dimensional 

environments, capable of capturing non-linear 

relationships, and resistant to overfitting, 

especially in high-dimensional contexts 

Sensitive to kernel parameter choices, 

computationally heavy, thus less ideal for large 

datasets, and difficult to interpret 

Deep 

Learning 

 

 

Ensemble 

Methods 

Capable of modeling complex non-linear 

relationships, automatically extracts features in 

deep learning, scalable, and efficient with large-

scale datasets. 

Can enhance accuracy and stability by 

integrating multiple models, mitigates 

overfitting, and handles unbalanced and missing 

data. 

Needs substantial data, computationally 

expensive, model parameters are hard to interpret, 

and prone to overfitting without proper 

regularization and network design. 

Lack of model interpretability, computationally 

intensive, and requires careful tuning. 

 

It is important to remember that there is no universal algorithm for power forecasting. The most 

appropriate model typically depends on the specific problem, including data volume and quality, available 

computational resources, and particular forecasting goals. Therefore, it is often advisable to experiment with 

multiple models and choose the one that performs best for the given problem. 

 

5. CONCLUSION 

This paper explored different machine learning techniques for power consumption forecasting. We 

provided technical details and discussed the advantages and disadvantages of each method. There is no 

universally superior method; the best choice depends on the specifics of the dataset. Deep learning models are 

often preferred when large datasets are available, while linear regression might be more suitable for smaller 

datasets. Ensemble methods have gained traction recently because they integrate several models, thereby 

reducing individual model weaknesses and enhancing their strengths. 
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