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Abstract: Since the creation of competitive and deregulated electricity markets two decades ago, electricity 

price forecasts (EPF) have gradually become one of the key mechanisms in the decision-making processes 

of energy companies and market participants, such as price-biding strategy and planning for their 

generation facilities, sell and purchase contracts. The recent introduction of smart grids and the 

requirements for the integration of renewable energy sources has led to increased volatility and uncertainty 

in future prices that are formed on the basis of supply and demand. Now, more than ever, probabilistic 

forecasting of electricity prices (generation, demand and consumption) is an important tool for the planning 

and operation of energy systems. This article provides a brief overview of the trends in the development of 

mathematical methods for forecasting of electricity prices. The most up-to-date trends are covered in order 

to maximize the accuracy and reliability of forecasts by presenting the necessary guidance on the use of 

methods, measures and models in line with the paradigm of "maximizing the reliability of probability 

distributions subject to forecasts". 
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1. INTRODUCTION1

Over the past decades, electricity price forecasting studies 

have been affected by the rapid process of liberalization 

and the dynamically changing features of global electricity 

markets, mainly influenced by the growing share of 

renewable energy sources and the ongoing evolution of 

technological progress and their further development. 

Both voluntary and regulatory, many energy sector 

institutions have contributed to continuously improving 

the transparency and quality of mostly freely available 

information and data on electricity prices and related time 

series. This, in turn, has helped researchers and 

practitioners to understand the pricing mechanisms which 

lead to a large number of articles focusing on electricity 

price forecasting. 

In the period before 2005, there was only a small amount 

of published articles on this topic, while in the period 

between 2005 and 2012 the volume of published articles 

reached its first peak, followed by its current maximum. 

Research in electricity price forecasting originates from 

many different areas of science, as for example 

engineering, applied mathematics or statistics and 

computer science resulting with the application of a 

diverse and hybrid decision making technics containing a 

set of different approaches. However, most of these 

approaches have the common characteristic that they 

focus on forecasting electricity prices in the short term, in 

particular a day ahead with an hourly step, as described, 
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for example, in [21] or [20] and given in the literary review 

of forecasting electricity prices. By contrast, the methods 

of forecasting electricity prices that take longer to report 

over the medium and long term are rare and described in 

[22]. 

A large part of the articles published in this time horizon, 

which focus on forecasting electricity prices over the 

medium and long term, come from the fundamental 

models that capture the dynamics of systems, as for 

example the expected price functions for the market 

participants [23,24]. These types of models often do not 

use realistic time series of prices and related data, and 

therefore cannot provide a realistic time resolution of the 

price forecasts which typically occurs in the day-ahead 

markets. Nevertheless, there are models that are able to 

cover and predicts the electricity price hourly behavior as 

well as to provide medium to long-term forecasts. 

1.1. The main goals of the report are to: 

 Provide an overview of the modelling

approaches for the EPF;

 Explain the complexity of the available solutions

that the forecasting tools may offer or which

might be encountered;

 Present a vision and suggest guidelines that

should be taken into consideration over the next

decade;
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 Emphasize the need for objective comparative

studies of the EPF.

2. REVIEW OF MODELING APPROACHES

Almost all publications for review and analysis on the 

similar topic [1-19] offer a classification of the different 

approaches that have been developed to analyze and 

predict electricity prices, although they all have many 

things in common. Without rejecting the adoption of a 

generally accepted principle, in this article as a starting 

point, we will propose the segmented model classification 

differentiated in six groups of models. Additionally, it 

should be taken into consideration that an important 

direction of electricity price models originates from 

fundamental or structural electricity price models. For 

these models the electricity price is considered as an 

equilibrium of supply and demand (see e.g. [27-28]). The 

major price drivers are the fundamental inputs like the 

load and the merit order curve and especially the marginal 

cost of the available power plant portfolio. These 

fundamental models are popular for long term forecasting 

of electricity prices as impacts of regulative changes, for 

example the closing of a certain power plant or a newly 

installed wind farm, can be easily drawn.  

These model types often lack to use realistic time series of 

prices and related data and therefore cannot provide a 

realistic hourly resolution of price predictions, which is 

typically the case in day-ahead markets. Nevertheless, 

there are some models which are able to capture the hourly 

behavior of electricity price and provide forecasts for time 

horizon of one month to one year as mid-term and to the 

time horizon of more than one year as long-term. The 

model of [29] for instance consists of a hybrid approach 

using fundamental and econometric, e.g. autoregressive, 

modeling techniques. They are able to utilize the hourly 

day-ahead electricity price series to forecast the whole 

year. It has been proved that Yan and Chowdhurry were 

able to use data mining techniques, e.g. support vector 

machines (SVM), to study the PJM market in 2013 and 

2015. In 2013 they showed by a forecasting study that 

combining a least squares support vector machine with an 

autoregressive-moving average with exogenous terms 

(ARMAX) model gives promising results for the 

consideration of one month hourly forecast.  

However, from a practical standpoint it could be argued 

that the way how electricity prices are modeled is not as 

much important as the goal the modeling strategy actually 

pursues. For instance, if an electricity company is 

interested in building a new power plant, they will mainly 

be interested in long term electricity price forecasts over 

the whole lifetime of the plant, rather than to focus on a 

short-term horizon. Comparing different model strategies 

however may prove not to be too useful in this situation as 

it requires deep knowledge about properties and 

limitations of these models. Therefore, models can be 

differentiated according to their actual purpose of 

modeling rather than the model itself.  Considering this 

and due to the declining popularity of the models based on 

the cost of electricity generation and the increasing use of 

simulation models, the first two groups of the presented 

models in this article can be combined into a larger class: 

2.1. Multi-agent models (equilibrium supply function, 

Nash-Cournot, production-cost models, agent-based 

simulation, multi-agent simulation, general equilibrium, 

game theory) that simulate the functioning of a system of 

heterogeneous agents interacting with each other while 

building the pricing process considering the demand and 

supply on the market. 

In the past, the forecasting process of wholesale electricity 

prices was labor-intensive task. The same, basically 

referred to the medium and long-term time horizons and 

included a comparison of the estimates of consumption 

and production obtained by arranging the existing and 

planned production units according to their operating 

costs. These Cost Based Models (Production Costs 

Models, PCM) have been able to predict prices per hour 

[25]. However, they ignore strategic bidding practices, 

including the use of market power. They are suitable for 

regulated markets with low price uncertainty, stable 

structure and no expected price volatility, but are not 

suited to competitive electricity markets. Theoretical 

approaches can be seen as summaries of cost models 

modified for strategic bidding considerations. 

These models are useful in forecasting expected price 

levels in markets without price history, but with known 

cost of supply and market concentration. On the other 

hand, increasingly popular simulation techniques based on 

adaptive agents can respond to the characteristics of 

electricity markets that ignore static equilibrium patterns. 

Three main approaches for modeling of the electricity 

market trend are identified: optimization, equilibrium and 

simulation models. In their classification, optimization 

models focus on the problem of profits maximization for 

one of the market-competing firms. As such, they are not 

useful in the context of the EPF. The equilibrium models 

discussed below (Nash-Cournot, supply function 

equilibrium) represent the overall market behavior, taking 

into account the competition between all participants. 

Finally, simulation models are an alternative to 

equilibrium models when the problem under consideration 

is too complicated to address within a formal equilibrium 

framework. Since equilibrium and simulation models 

share many common features, they are considered 

together in a broad range of multi-agent models. 

2.2. Fundamental structural methods that describe 

the dynamics of prices by modeling the impact of 

important physical and economic factors on the cost of 

electricity. 

This class of models are usually known as fundamental or 

structural models and they are trying to capture the basic 

physical and economic ties that exist in the production and 

trading of electricity. Functional associations between 

fundamental management indicators (consumption, 

weather conditions, system parameters, etc.) are 

postulated by inputs that are modeled and predicted 

independently, often through statistical, reduced or 

computational AI techniques. In addition, many of the 

EPF approaches considered in the literature are hybrid 

solutions with time series, regression and neural network 

models as fundamental factors such as consumption, fuel 

prices and production resources, production technology 
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costs, wind power, or temperatures and weather forecasts 

- as input variables. In general, two subclasses of 

fundamental models can be identified: models rich in 

parameters and economical models based on supply and 

demand. [4] 

2.3. Quantitative, stochastic forms of models that are 

characterized with the application of statistical data of 

electricity prices over time, with risk management 

purposes. 

A common feature of this form of price-driven dynamics 

models is inspired by finance as their primary intention is 

not to provide accurate hourly price forecasts but rather to 

reproduce the main features of daily electricity prices as 

marginalized distributions at future time points, price 

dynamics and price correlation between raw materials. 

These models form the basis of derivatives pricing 

systems and risk management systems. If the chosen 

pricing process is not suited to capturing the main 

properties of electricity prices, the model results are likely 

to be unreliable. At the same time, if the model is too 

complex, the computational burden will prevent its online 

usage in the trade departments for practical purposes. On 

the one hand, the applied tools have their roots in methods 

that are designed to model other energy commodities or 

interest rates. On the other hand, they integrate processes 

to attract and improve decision-making by developing 

models to evaluate actions that will lead to unknown or 

econometric abrupt shifts in prices. 

At this point, jump diffusion models and Markov's 

switching patterns offer the most optimal solution: they 

are compromise solution between the model of parsimony 

and adequacy to capture the unique characteristics of 

electricity prices. Depending on the type of the concerned 

market, stochastic techniques can be divided into two 

main classes: Spot and Forward models. The former 

represent the correct representation of spot price 

dynamics, which, following the deregulation of electricity 

markets is becoming a necessary tool for commercial 

purposes. Their main disadvantage is the problem of 

pricing of derivatives, that is, the identification of the risk 

premium linking spot and forward prices [14]. 

On the other hand, forward rate models allow pricing of 

derivatives in a simple way. However, they also have their 

limitations, among which the most important is the lack of 

data that can be used for calibration and also the inability 

to retrieve spot price properties from the analysis of 

forward supply and demand curves. Forward price models 

are derived and fall into mathematical finance, and 

therefore they will be subject of extensive discussions. 

Building smooth price curves on electricity markets can 

be challenging; but the benefits of this are easily 

accessible medium-term price forecasts for multiple 

horizons. However, these estimates may also include the 

risk premium. 

2.4. Statistical approaches as econometric and 

technical analyses that are either direct application of 

statistical techniques to predict consumption or 

applications of econometric models in the electricity 

market. 

Reduced-form models outweigh derivative valuation and 

risk analysis. However, when forecasting day-ahead 

electricity prices, simplicity and analytical flexibility of 

models is no longer an advantage. In fact, the simplicity 

of the model can be a serious constraint. Historically, the 

first input of statistical techniques of the EPF consisted 

mainly of statistical methods for predicting consumption. 

By simply replacing of prices for loads (and possibly loads 

for temperatures), the researchers were able to obtain EPF 

models.  

Over time, more and more modern statistical econometric 

or signal processing techniques were introduced in this 

field. Methods for statistical (econometric, technical 

analysis) predict the current price using a mathematical 

combination of the previous prices and / or previous or 

current values of exogenous factors usually consumption 

and production data or weather variables. The two most 

important categories are additive and multiplicative 

models. They differ in whether the predicted price is the 

sum (additive) of a number of components or product 

(multiplied) by a number of factors. The first ones are 

much more popular. It should be noted that the two are 

closely related: a multiplicative model for pricing could 

become in a model of addition for logarithmic pricing. 

Statistical models can give some physical interpretation of 

their components, which allows engineers and system 

operators to understand their behavior. They are often 

criticized for their limited ability to model non-linear 

behavior of electricity prices and related basic 

fundamental variables; however, in practical applications 

their results are comparable to those of their non-linear 

alternatives. 

2.5. Techniques based on computational intelligence 

as artificial intelligence, non-parametric, non-linear 

statistical techniques that combine elements of self-

learning algorithms, evolution and fuzziness to create 

approaches that are adaptable to complex dynamic 

systems and can be seen as "intelligent ". 

Computational Intelligence (CI) is difficult to define 

because it means different things to different people. 

However, for CI may be considered that is a very diverse 

group of nature-inspired computational technique that 

have been developed to solve problems which traditional 

methods (e.g., statistical) cannot handle effectively. CI 

combines elements of self-learning, evolution, and 

blurring to create approaches capable of adapting to 

sophisticated dynamic systems, and in this sense can be 

seen as "intelligent". 

Some authors use the term computer intelligence as 

synonym for artificial intelligence (AI), [26] as it almost 

everywhere in the EPF literature used. It should be noted 

that other names for AI techniques, such as non-

parametric or non-linear statistics, may be found in the 

literature. However, these terms are too narrow or conflict 

with other classes of methods. For example, there are both 

non-parametric (e.g., kernel density estimator) and non-

linear (threshold AR) techniques, which are usually 

classified as belonging to the group of statistical methods. 

Artificial neural networks, fuzzy systems, SVM and 

evolutionary computations (genetic algorithms, 

evolutionary programming and swarm intelligence) are 
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undoubtedly the main classes of AI techniques. Some 

authors also include probability reasoning and belief 

networks (at the intersection of traditional AI), artificial 

life techniques (biochemical intersection) and wavelets (at 

the intersection with digital wavelet processing). AI can 

also be linked to soft calculations, machine learning, data 

mining and cybernetics. AI models are flexible and can 

handle complexity and non-linearity. 

This makes them promising for short-term forecasts and a 

number of authors report their excellent performance in 

the EPF. As with the prediction of consumption, artificial 

neural networks may have received the most attention. 

Other non-parametric techniques, such as fuzzy logic, 

genetic algorithms, evolutionary programming and swarm 

intelligence, but usually in hybrid constructs, are also 

used. 

Also, it should be mentioned that many of the approaches 

to price modeling and forecasting that are considered in 

the literature are hybrid solutions combining techniques 

from two or more of the above-mentioned groups. Their 

classification is not trivial if it is even possible. The 

proposed structure is illustrated in Figure 1 with the main 

types of models discussed below. 

Figure 1: proposed structure of main types of EPF 

3. CONCLUSIONS

The subject discussed in this paper was to present the 

different hybrid solutions, modeling and price forecasting 

approaches and combining techniques from more than one 

of the above-mentioned groups. 

In the restructured electricity markets the application of 

electricity price forecasting techniques helps market 

participants and energy companies in their decision-

making processes. Due to the nonlinear behavior of price 

dynamics and its dependence on many parameters, 

forecasting always faces unavoidable problems, mistakes 

and errors. In order to improve the forecasting of 

electricity prices in future more efficient instruments and 

their combination should be used. 

The purpose of this paper was to present a short review the 

EPF methods and depending on the needs to provide the 

most appropriate method that should deliver the best 

results by combining several hybrid techniques. In order 

to provide satisfactory results and provide the best 

practice, the proposed methodologies should be tested 

with using the real data from the Bulgarian electricity 

market. It can be considered that due to high performance 

and efficiency of the applied method in uncertainty 

modeling and high training accuracy, in the further 

researches, the clonal selection algorithm, extreme 

learning machine for neural networks training process and 

wavelet preprocess would be a good choice for short term 

probabilistic forecasting. In addition, for the best 

forecasting tool setup it should be taken into consideration 

the use of one year trading data to forecast the next year 

prices applying a two-stage SVM as an extension to the 

proposed modelling approach in order to be able to capture 

severe price peaks, which are described as extremely 

difficult to model in a midterm forecasting setting [30].  

We hope that this report will give stimulation to those 

working in other areas of forecasting in order to move to 

the exciting, unique and largely unexplored field of the 

wholesale electricity market in Bulgaria. 
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