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3.5.2 Stage-2: Input residuals to the Hybrid Model 
 

3.5.2.1  ARIMA-SVM 
 

The steps involved in the two-stage residual extraction method, that uses combinations of 

ARIMA and SVM, are as follows: 

Step 1. In Stage-2, the residual dataset is fed as an input to the SVM model. SVM model is 

then initialized by calling the function ‘ksvm’ which available in the kernlab package. The 

SVM model is then used to predict the residual for the next day by calling the ‘predict’ 

function. 

Step 2. Finally, the calculated residual (R) from Step 1 is then added to the predicted price 

from the ARIMA method (P) to get the final price. 

3.5.2.2   ARIMA-RF 
 

The following are the steps in deploying the hybrid combination of ARIMA and RF methods 

to forecast the next day-ahead price: 

Step 1.  In Stage- 2 of the hybrid model, the residuals from the ARIMA model are fed as 

time series input data to the RF model. The ‘random forest’ function in the Random Forest 

package of R helps in fitting the RF model. 

Step 2. The RF model is then used to predict the future residuals (R) which are added to the 

earlier predictions to obtain the adjusted final price forecast. 

3.5.2.3  ARIMA-LOWESS 
 

The following are the steps in deploying the hybrid combination of ARIMA and LOWESS 

methods to forecast the next day-ahead prices: 
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Step 1. In the Stage-2 of the hybrid model, the residual dataset from the ARIMA model is 

fed as time series input data to the LOWESS model. The ‘loess’ function in the Stats 

package of R helps in fitting the LOWESS model. 

Step 2. The loess model is then used to predict the future residual (R) which is added along 

with the predicted price to get the final price forecast. 

3.5.2.4   ARIMA-ARIMA 
 

The following are the steps in deploying the combination of ARIMA and ARIMA to 

forecast the next day-ahead price: 

Step 1. In Stage-2 of the hybrid model, the residuals from the ARIMA model are fed as 

input data to the same ARIMA model. The ‘auto-arima’ function in the Stats package of R 

helps in fitting the ARIMA model in Stage-2.       

Step 2. The ARIMA model is then used to predict the future residual (R) which is added 

along with the predicted price from the ARIMA method in the first stage to get the final 

price forecast. 

3.6 Explanatory Variables for Day-Ahead Price Forecast 
 

3.6.1 Data Explanation  
 

The day-ahead electricity prices are greatly influenced by several explanatory variables [28] 

as shown in TABLE 1. They are as follows: 

(a) Hourly electricity price for day D and day D-6. 

(b) Hourly load data, including total load demand, hydro power demand, solar power 

demand, coal power demand, wind power demand, and combined cycle power demand for 

day D and day D-6. 
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(c) Hourly weather data, including temperature, wind speed, and solar irradiance. 

All the fundamental price variables are taken into consideration for all the hybrid methods. 

The day-ahead price forecast results for different durations are discussed next 

    

Table 1: Seventeen decision variables 

Variable 
No. 

Description 

1,2 Hourly Price D , Hourly Price D-6 

3,4 Hourly Power Demand D-1 & D-6 

5,6 Hourly Hydropower Generation D-1 & D-6 

7,8 Hourly Solar Power D-1 & D-6 

9,10 Hourly Coal Power Generation D-1 & D-6 

11,12 Hourly Wind Power Generation D-1 & D-6 

13 ,14 Hourly Combined Cycle Power Generation D-1 & D-6 

15,16,17 Hourly Temperature, Wind speed, Radiation D+1 

 
3.7  Results and discussion 
 

As discussed above, several two-stage hybrid models have been used to predict the 

electricity prices of the Iberian Markets in this study. The hybrid models include ARIMA-

GLM, ARIMA-RF, ARIMA-SVM, GLM, and ARIMA-LOWESS. The hybrid models are 

trained and tested using datasets ranging from one-week to three months. 
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The dataset durations include one-week, two-weeks, three-weeks, one month, 45 days, 60 

days, 75 days, and 90 days.  The specific data durations are shown in Figs. 9 and 10. We 

evaluate the performance of our forecast models through a statistical measure known as 

MAPE (Mean Average Percentage Error) which represents the daily error in price 

predictions. 
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where dayMAPE is the daily error. Table II shows a numerical comparison of the MAPE 

values for various data durations. Figs. 9 to 22 graphically show the MAPE comparison of 

hybrid models. Each figure shows the MAPE comparison of ARIMA, ARIMA-GLM, 

ARIMA-RF, and ARIMA-SVM. All the variables have been taken into consideration.  

However, in Figs. 23 and 24 only four variables are considered since LOWESS can be 

modeled only with a maximum of four variables. In the last dataset (90 days), all methods 

use the following specific four variables: Price, Price D-6, Power demand D-1, and Power 

demand D-6.  
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Table 2: Comparison of MAPE values for different duration 

 

 

 

 

Figs. 9 and 10 indicate that ARIMA-SVM combination outperforms other methods using 

a one-week dataset. In addition, from Table II it is also evident that the ARIMA-SVM 

model gives a better prediction with lesser durations of data such as for one week, two 

weeks, three weeks, and one month. 

 

MAPE ARIMA  ARIMA-GLM ARIMA-SVM ARIMA- RF 

                                           Short-term price forecast (day-ahead) 

1weekMAPE  5.36 5.00 3.73 5.24 

2weeksMAPE  4.23 4.43 3.98 4.01 

3weeksMAPE  4.07 4.14 3.64 3.69 

1monthMAPE  5.64 5.54 5.05 5.44 

45daysMAPE  2.7 2.54 2.49 2.38 

60 daysMAPE  1.99 1.92 2.037 2.027 

75 daysMAPE  1.99 1.92 2.009 2.2263 
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Figure 9: Comparison of MAPE for one week (July 24, 2015 to July 30, 2015)                           
to predict day-ahead price (July 31, 2015). 

 

 

Figure 10: Comparison of MAPE for one week (July 24, 2015 to July 30, 2015) to predict 
day-ahead price (July 31, 2015). 

 


