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Abstract: Forecasting the price of electricity has become a very important 

topic since the liberalization of the electricity market in Romania. Market 

participants need a good short-term price forecast model to bid their best offer on 

the market. Due to the high volatility, the sharp increases in prices, and seasonality, 

it is necessary to develop and maintain complex models for price forecasting. 

Nowadays, improvements in computing capabilities have enabled a fast-training 

process for machine learning models. This paper presents the results of a proposed 

model based on machine learning developed internally by the TRACTEBEL 

consulting team in Romania for the forecast of electricity prices for the day-ahead 

market. 
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 Rezumat: Prognoza prețului la energie electrică a devenit un subiect foarte 

important de la liberalizarea pieței de electricitate din România. Participanții la piață 

au nevoie de un model bun de prognoza a prețurilor pe termen scurt pentru a licita  în 

piață cea mai bună ofertă. Din cauza volatilității ridicate și a creșterilor puternice a 

prețurilor, este necesară dezvoltarea unor modele complexe pentru realizare a 

prognozelor. În zilele noastre, îmbunătățirile capacităților de calcul au permis un 

proces de învățare mai rapid pentru modele de machine learning. Această lucrare 

prezintă rezultatele unui model propus bazat pe machine learning elaborat intern de 

echipa de consultanta TRACTEBEL din Romania pentru prognoza prețului la energie 

electrică pe piața pentru ziua următoare. 
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Cuvinte cheie: preț energie electrică, prognoză, machine learning, Piața Pentru 

Ziua Următoare 

1.  Introduction 

The Romanian energy sector has a complex structure with multiple wholesale 

electricity markets and stakeholders. The size of the wholesale market depends on 

the sum of all the transactions of the market participants, exceeding the quantity 

physically transmitted from production to consumption. General transactions also 

include resales made to adjust the contractual position and to obtain a financial 

benefit [1]. Thus, the electricity price forecast plays an essential role especially for 

those power systems facing large penetration of RES.  

Short-term forecasts are mainly used in day-ahead markets and the intraday 

electricity market. Accurate electricity price forecasts allow decisions regarding 

investments in the energy system, planning, functioning, management, economy, 

market, strategy, risk analysis, etc.  

This is done by establishing offers to the electricity market that is based on the 

best vision of the bid strategy of the participant shortly. In this paper, the main 

sources of data are used to construct the proposed electricity price forecasting model 

are discussed. The analyses are based on real generation, consumption, and 

historically price hourly data. The relevant data processing techniques used in the 

forecasting process are also presented. 

2. Literature 

Pinto et al. (2016) [7] developed a multi-agent system for modeling 

competitive electricity markets. This study proposed applying support vector 

machines to layout decision support for electricity market players. The presented 

model was coupled with an Adaptive Learning Strategic Bidding System to be used 

as a decision support system. This methodology was validated and then compared 

with the artificial neural network. The results were encouraging: a robust price 

forecast for the electricity market [9].  

Yang et al. (2017) [8] presented a hybrid model for electricity price forecasting 

utilizing ARMA, wavelet transform, and KELM methods. SAPSO was applied for 

searching the optimal kernel parameters. After the test of the wavelet decomposition 

components, the ARMA model was used to predict stationary series. SAPSO-KELM 

model. The proposed method performance is validated utilizing electricity price data 

from several cities. The real data demonstrated that the presented method was more 

accurate than individual methods. Figure 10 presents the RMSE values of the study 

for each season by the employed models [9].  
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Figure 1. RMSE values for the study by Yang et al. (2017). Reproduced from [8], Elsevier: 2017. 

 

Marin Cerjan and Marko Delimar proposed Hybrid Iterative Reactive 

Adaptive (HIRA) method consists of two phases. In the analysis phase, fundamental 

parameters which affect the electricity price are identified depending on market 

development. Obtained parameters are used as data inputs for price forecasting using 

a hybrid method. The HIRA model combines a statistical approach for large data set 

analysis and a similar day method with neural network tools. Similar days are 

examined using a statistical method that combines correlation significance, price 

volatility, and forecasting accuracy of the historical data [10]. 

 

Table 1. Results for electricity price forecast – Hourly Forecast Error 

Month MAE, RON/MWh MAPE, % 

May-17 26.11 12.37 

Jun-17 25.20 13.09 

Jul-17 26.40 10.63 

Aug-17 30.48 12.71 

Sep-17 20.11 9.76 

Oct-17 42.14 15.49 

Nov-17 54.67 17.19 

 
Forecast error ranges between 5% and 10%, while the hourly forecasting 

errors are 10% to 20% which is not acceptable for application in practice. 

 
3. Romanian Day Ahead Market 

 

The Day Ahead Market (DAM) was the first wholesale electricity market 

established in Romania in 2000. DAM is a voluntary market, open for both buying 
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and selling to all market participants: generators, suppliers, network operators, under 

the conditions established by the applicable regulations. DAM is reflecting the short-

term selling/buying (quantities and prices) intentions of the participants (for the next 

day) and usually creates the reference for assessing the value of electricity. DAM 

creates a centralized market framework for selling and buying electricity by all 

participants to the wholesale electricity market in Romania, needed for. 

• Facilitating the establishment of a wholesale electricity market under 

competition, transparency, and non-discrimination conditions. 

• Reducing electricity trading prices. 

• Establishing the reference prices for other transactions on wholesale 

markets. 

 

Figure 2. illustrates the temporal delivery of the different trading options. Its 

main purpose is the long-term determination of energy demand and supply. They 

offer planning security for both the consumer as well as the producers.  

Day-ahead and intraday trading are flexible possibilities to compensate for 

short-term supply and demand deviations from long-term planning [2]. On DAM, 

energy supply and demand meet, their intersection determining the quantity which 

will be traded for a certain hourly interval, as well as the associated price. 

In terms of volatility and price level, DAM is considered a market with high 

volatility and prices. This is due to the relatively short time interval (less than 24 

hours) remained until delivery (see Figure. 2.) and to the fact that selling and buying 

bids are formed on an hourly basis, thus there are prices increases/decreases and offer 

quantities from one hour to another. 

 
Figure 2. Energy Market Structure [2] 

The equilibrium price (market clearing price – MCP – see Figure .3) is the 

selling price for all participants that offered a lower selling price than MCP, 

respectively the purchase price for all buyers that offered a buying price higher than 

MCP. The curve rate obtained for a calendar day by aggregating the prices and 

quantities of all bids accepted on DAM follows the profile of the load curve.   
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Figure 3. Formation of the market-clearing price [2] 

4.  Electricity price forecasting using machine learning 

Machine Learning (ML) is the science of programming computers so they can 

learn from data that gives computers the ability to learn without being explicitly 

programmed. Machine Learning systems are classified according to the amount and 

type of supervision they get during training. There are three major categories: 

• Supervised Learning, 

• Unsupervised Learning,  

• Reinforcement Learning [3].  

 

Machine learning algorithms are statistical methods to gain knowledge from 

observed data, i.e., creating a mathematical model for predictions. It is nowadays, 

ML is applied in a wide range of disciplines biology, chemistry, medicine, 

automotive, energy, etc. [4]. Supervised machine learning builds a model that makes 

predictions based on evidence in the presence of uncertainty.  

The supervised learning algorithms covered in this paper are the following:  

• Linear Regression  

• Ridge Regression 

• Ridge Regression Polynomial (order 2) 

• Multi-Layer Perceptron Regression 

• Decision Trees 

• Random Forests Regression and  

• Gradient Boosting Regression. 

4.1.  Raw data and target 

We need a lot of historical data to train the machine learning model. To 

develop the forecast model, we used electricity price data from the day-ahead market, 

consumption, and production data by source type for 6 years, with an hourly 
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resolution. Data quality was checked to ensure that the machine learning models have 
all required features completed without missing values. The data was collected from 
Romanian Gas and electricity Market Operator (OPCOM) and Romanian 
Transmission and System Operator (TRANSELECTRICA).  

4.2.  Feature engineering 

One of the key concepts of data science is feature engineering. That is the 
process of transforming the given data into a form that is easier to interpret.  Feature 
engineering efforts mainly have two goals: Preparing the proper input dataset, 
compatible with the machine learning algorithm requirements, and improving the 
performance of machine learning models. To identify the most important features for 
the price prediction, we are using the Pearson correlation coefficient to measure the 
linear correlation between data. According to Cauchy–Schwarz, inequality, it has a 
value between +1 and −1, where 1 is a total positive linear correlation, 0 is no linear 
correlation, and −1 is the total negative linear correlation (see Table 2). Exactly –1. 
A perfect downhill (negative) linear relationship to predict the price of electricity. 
From Table 2, we selected only the most important features that have the highest 
Pearson correlation coefficient: load forecast, actual load, import-export volume 
(ATC), the day-ahead market traded volume, and the hour interval. 
 

Table 2. Pearson’s correlation coefficient of the day-ahead market price 

Because the day-ahead market price has, a good correlation with the load 
forecast data and historical day-ahead market price data (see Figure .4). We created 

No Feature Pearson’s coefficient with DAM Price 

1 Interval (hour) 30% 
2 Volume Traded 38% 
3 Buy volume offer 42% 
4 Sell volume offer 30% 
5 Load Forecast  61% 
6 Actual Load  60% 
7 Production  24% 
8 Coal  31% 
9 Natural Gaz  39% 

10 Hydro  13% 
11 Nuclear  3% 
12 Wind  -23% 
13 PV  9% 
14 Import-Export  47% 
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new features to improve the model forecast accuracy based on Pearson's coefficient 

and autocorrelation. (see Figure 5.) The new features are presented in Figure 6. The 

with the highest correlation with the electricity price is being the "day-ahead price 

lag1-6" feature. 

Table 3. Pearson’s correlation coefficient strength of association 

Strength of Association Positive Negative 

Small 0.1 to 0.3 -0.1 to - 0.3 

Medium 0.3 to 0.5 -0.3 to - 0.5 

Large 0.5 to 1.0 -0.5 to - 1.0 

 

 

 

Figure 4. Day-Ahead Market Price and Load Forecast 

 

 

Figure 5. Autocorrelation of day-ahead market price data 
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Figure 6. Pearson’s correlation coefficient of input data 

4.3. Model training and prediction 

For the model to be able to make a prediction we first need to teach it how to 

do that. We start with some training examples: data based on which the model can 

learn. Given a set of data, we try to fit a function to the defined objective. In this 2-

dimensional example, the function is a simple line. Now that we have created the line 

(also known as the model), we are ready to make predictions on new data. However, 

the data sets are limited (as in a real scenario) and, hence, the ML training is limited 

due to this fact.  

Most of the time we do not know or have access to all the features that 

influence the price of electricity. Therefore, we will not be able to know the exact 

form of that function that describes the electricity price. 



 Electricity price forecast model based on machine learning 21 

 

Instead, we can estimate a type of function that is most suitable for a defined 

objective (the variation of the electricity price). This is the main goal of an ML 

algorithm: to estimate functions and relationships within a given data set. In general, 

most ML problems are either a regression problem, where we try to predict a 

continuous variable, or a classification problem, in which case we are trying to 

predict a categorical variable. 

The most common method for fitting a regression line is the method of least-

squares. This method calculates the best-fitting line for the observed data by 

minimizing the sum of the squares of the vertical deviations from each data point to 

the line (if a point lies on the fitted line exactly, then its vertical deviation is 0). 

Because the deviations are first squared, then summed, there are no cancellations 

between positive and negative values. The optimization algorithm is doing nothing 

more than searching a combination of b0 and b1 that minimizes the error. Instead of 

searching randomly, these algorithms are smart, using some optimization methods. 

Linear regression function (see Figure 6.): 

Linear regression function 𝑦 = 𝑏0 + 𝑏1 ∙ 𝑥 + 𝑒𝑟𝑟𝑜𝑟 (1) 

 

y – dependent variable. 

𝒃𝟎 – is the constant term. It is the value of the dependent variable when x = 0 

𝒃𝟏 – is the coefficient of the independent variable. It is also known as the slope 

and gives the rate of change of the dependent variable. 

 

 
 

Figure 7. How algorithms estimate functions – Linear regression [5] 

To find the function which fits best the data, we need to minimize the squared 

sum of errors. Visualization of how a linear regression tries to find the best fit that is, 

find the values of b0 and b1 by minimizing the error. To accomplish this, the linear 

regression tries to find the values of b0 and b1 for which the error is minimum.  

Minimizing the error function  𝑚𝑖𝑛 ∑ 𝑒𝑟𝑟𝑜𝑟2 =  ∑(𝑦𝑖 − 𝑦𝑝𝑟𝑒𝑑)
2
 (2) 
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5. Results of the machine learning model for an electricity 

price forecast 

When dealing with very spread data (i.e., the maximum value is many times 

larger than the minimum value), one cannot just casually mention forecast 

performance as “percent” of something. The performance metric must be carefully 

chosen, and continuous care is needed for relevant comparison. The clear definition 

of suitable error metrics is the basis for performance assessment and forecasting 

model comparison. While there are several established error metrics for price 

forecasting which have been transferred from conventional time series forecasting, 

some characteristics of price forecasting make certain error scores more attractive 

than others. Accuracy is the most important criterion for the quality of the prediction. 

A variety of statistical methods was used in this study to evaluate these criteria such 

as MAE, RMSE, MAPE, and NMAE.  

 

Mean Absolute Error (MAE)  𝑀𝐴𝐸 =
 ∑ |𝑦𝑝𝑟𝑒𝑑 −  𝑦𝑟𝑒𝑎𝑙|𝑛

𝑖=1

𝑛
 (3) 

 

Mean Absolute Percentage Error 

(MAPE)  

𝑀𝐴𝑃𝐸

=
100 

𝑛

 ∑ |𝑦𝑝𝑟𝑒𝑑 −  𝑦𝑟𝑒𝑎𝑙|𝑛
𝑖=1

𝑦𝑟𝑒𝑎𝑙
 

(4) 

 

Normalized Mean Absolute Error 

(NMAE)  

𝑁𝑀𝐴𝐸

=
 𝑎𝑣𝑔 ∑ |𝑦𝑝𝑟𝑒𝑑 − 𝑦𝑟𝑒𝑎𝑙|𝑛

𝑖=1

𝑦𝑟𝑒𝑎𝑙 𝑚𝑎𝑥  −  𝑦𝑟𝑒𝑎𝑙 𝑚𝑖𝑛
 

(5) 

Root Mean Square Error (RMSE)  

𝑅𝑀𝑆𝐸

=  √∑(𝑦_𝑟𝑒𝑎𝑙 − 𝑦_𝑝𝑟𝑒𝑑)2

𝑛

𝑖=1

 
(6) 

 

All metrics evaluate the performance of a point forecast. MAPE is based on 

the absolute error loss, and thus less sensitive to outliers. Both NMAE and MAPE 

count the absolute amount of forecasting error, regardless of the base value to be 

predicted. The Root Mean Square Error (RMSE) of an estimator of a population 

parameter is the square root of the Mean Square Error (MSE). The Mean Square 

Error is defined as the expected value of the square of the difference between the 

estimator and the parameter. It is the sum of variance and squared bias [6]. 
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Table 4. Forecast performance of the ML models 

metrics ridge gbm linear dtree ridge_poly2 mlp Unit 

MAE 22.93 23.72 24.52 28.61 29.74 42.59 RON/MWh 

RMSE 33.17 33.88 34.78 40.55 40.07 53.00 RON/MWh 

MAPE 10.61 10.98 11.35 13.24 13.76 19.71 % 

NMAE 5.49 5.68 5.87 6.85 7.12 10.19 % 

 

From Table 4. we notice the best ML model for price prediction is the Ridge 

model with the mean 10.61% absolute percentage forecast error. 
 

 
 

Figure 8. ML models result for day-ahead electricity price prediction [5] 

 

 

Figure 9. Normalized mean absolute error (NMAE) of the ML models  

for day-ahead electricity price prediction [5] 

The forecast error is the deviation between the forecasted and the real price of 

the market. In electricity price forecasting reasons behind the forecast, an error can 

be separated into two main sources based on their causes: level and phase errors. 

Level errors are usually caused by biased, systematically erroneous prediction 

(see Figure 10), whereas phase errors are caused by forecasting the level of price 

correctly but failing on predicting the timing of changes. 
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Table 5. Forecast results of the Ride ML model 

TIMESTAMP 
Real DAM Price 

(RON/MWh) 

Ridge Model 

(RON/MWh) 

MAPE 

(%) 

12/10/2019 1:00 160.00 181.92 14% 

12/10/2019 2:00 152.84 165.40 8% 

12/10/2019 3:00 133.20 145.00 9% 

12/10/2019 4:00 137.06 142.46 4% 

12/10/2019 5:00 149.58 158.76 6% 

12/10/2019 6:00 180.63 196.80 9% 

12/10/2019 7:00 230.75 238.45 3% 

12/10/2019 8:00 273.41 286.51 5% 

12/10/2019 9:00 290.19 313.15 8% 

12/10/2019 10:00 282.05 315.24 12% 

12/10/2019 11:00 268.00 304.72 14% 

12/10/2019 12:00 265.90 311.27 17% 

12/10/2019 13:00 264.73 323.30 22% 

12/10/2019 14:00 262.77 322.95 23% 

12/10/2019 15:00 268.98 322.05 20% 

12/10/2019 16:00 282.32 334.37 18% 

12/10/2019 17:00 338.60 395.55 17% 

12/10/2019 18:00 334.17 361.02 8% 

12/10/2019 19:00 324.50 342.34 5% 

12/10/2019 20:00 303.54 310.12 2% 

12/10/2019 21:00 268.00 283.18 6% 

12/10/2019 22:00 233.62 239.44 2% 

12/10/2019 23:00 231.60 224.30 3% 

12/10/2019 0:00 205.42 180.39 12% 

 

 

Figure 10. Day-Ahead Market Real Price VS Ridge Model Forecasted Price 
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From Table 4, it can be observed that the MAPE forecast error is between 2% 

and 23%. From the 24 forecast values, 14 of them have an error of than less 10%. 

6. Conclusions 

Accurate forecasts allow better decisions in terms of investing in the market, 

strategy, and risk analysis of the energy systems. Thus, accurate 24 h-ahead (called 

short-term) electricity price prediction plays a key role in power systems that contain 

a huge penetration of wind energy. Short-term forecasts are used mainly in electricity 

markets. This is by setting bids to the electricity market that is based on the best view 

of the participant’s power production shortly.  

In the day-ahead market, the offered electricity for the next day starts from 

0:00 a.m. to 12:00 p.m. on an hourly basis. Considering that the closure of the day-

ahead market occurs at midnight of the day before dispatch, the bids are unavoidably 

based on forecasts with horizons from 12h to 36 h, and, consequently, they involve 

important uncertainties. 

The market price is determined by the marginal pricing of the supply and the 

demand. Statistical approaches and machine learning (ML) approaches do not try to 

understand the underlying physical process, but only model the input-output 

relationship of (multiple) explanatory variables or predictors (e.g., load forecast, hour 

and historical prices) and the target (day-ahead electricity price). Therefore, unlike 

physical models, these approaches require historical price data from the electricity 

market and power generation data as the basis for the creation of an electricity price-

forecasting model.  

The electricity price forecast model from this paper was created using ML 

models. The result of the forecast model accuracy error is 10.61%, measured with 

the MAPE metric, and 5.49 % measured with the NAME. The forecast model can be 

improved by adding more features with a good degree of correlation (wind energy 

notifications) or trying another approach, using deep learning models (Long Short-

Term Memory – LSTM). 
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