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Abstract 

By implementing a multi-objective optimization approach in forecasting, we introduce 

three optimization models grey wolf optimizer, genetic algorithm, and differential 

evolution algorithm combined with multilayer perceptron neural networks and support 

vector machines to predict electricity consumption in the UAE. The hybrid models' 

accuracy and efficiency were evaluated using various forecasting metrics. This study's 

contributions are threefold: it is the first to employ such a sophisticated hybrid 

approach, particularly using the recently introduced grey wolf optimizer, it compares 

optimization techniques with the established Pearson correlation-based method for 

dimensionality reduction and it represents one of the most extensive macroeconomic 

forecasts in the UAE using multi-objective heuristic hybrid optimization methods. Our 

findings indicate that the grey wolf optimizer significantly outperforms all other 

models, followed by the genetic algorithm. 

Keywords: Macroeconomic forecast, statistical measures, Grey wolf, differential 

evolution algorithm, genetic algorithm. 

 

Introduction 

Currently the area of macroeconomic/financial forecasting is characterized in the 

literature as unstructured, noisy and non-stationary. Correspondingly, the 

macroeconomic environment where voluminous literature of forecasting research has 

been conducted seems to be complex and non-linear. In response to these challenging 

characteristics there has been significant advances in the development of new 

techniques on forecasting which utilizes learning machines such as artificial neural 
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networks and support vector machines. Artificial neural networks and support vector 

machines have been initially used for time series in a wide range of prediction 

applications since the early 1980s.  

Although a broad literature survey has been conducted on the application of 

artificial intelligence systems1, yet most of these studies focus on nonlinear models such 

as neural networks and support vector machines. In this category of artificial 

intelligence, the most popular and well-known neural network is the traditional multi-

layer perceptron (MLP). In terms of training this neural network as Rumelhart et al. 

(1986) suggested they use the “back-propagation error” algorithm (BP) which can be 

described as “a mile-stone” in the area of forecasting. More precisely, even if neural 

networks have been well established, we are still facing some considerable problems 

such as: 1) type of input; 2) correct weight optimization; 3) fitness function selection 

and finally 4) maximum output optimization. Regarding the Support Vector Machines 

(SVM), it is noteworthy to mention that since the first construction of this model by 

Vapnik, (2000), there has been significant literature with improved versions of SVMs 

that provide better statistical results2. 

In order to overcome these limitations and deficiencies in the literature, we are 

currently introducing a multi-objective optimization metaheuristic approach that 

utilizes neural network and support vector machines architectures combined with 

Genetic Algorithms, Differential Evolution Algorithms and Grey Wolf Optimizers. 

More notably, we propose fully adaptive architectures that decrease the number of 

 
1 For details on the use of artificial intelligence see Zhang and Berardi (2001), Hansen and Nelson 
(2003), Karathanasopoulos et al (2011), (2012), (2014), (2015a) and (2016). 
2 For instance see the papers by Smola and Scholkopf (1998), Burges (1998), Vapnic and Cortes (1995), 
Osuna (1997), Pontil and Verri (1997), Wu et al. (2009), and Huang et al (2005). 
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parameters that practitioners need to optimize while on the other hand improving the 

forecasting accuracy of neural networks and support vector machines.  

The rest of the paper is organized as follows: Section two presents the literature review 

which focuses on the three forecasting optimizers while section three outlines the 

dataset and the two input selection processes. In section four we present all the 

nonlinear models while section five reports and documents the statistical results.  

Section six concludes the paper. 

2. Literature review 

In the last decade there has been a voluminous literature on neural networks and support 

vector machines showing their superior accuracy and efficiency over other linear and 

nonlinear techniques.  Zhang and Berardi (2001), Hansen and Nelson (2003), Abdelaziz 

et al (2014),  Karathanasopoulos et al (2011), (2012), (2014), (2015a) and (2016) have 

succinctly indicated that forecasting different stock instruments that utilize neural 

networks and support vector machines have significantly outperformed linear models 

such as autoregressive moving average model, naïve strategy and random walk model. 

Furthermore, the last few years have witnessed the marriage of linear and nonlinear 

models. The reason for these hybrid combinations is that the new output is takes the 

advantages of both models which entails the significant improvements in forecast 

performance.  

Nag and Mitra (2005) were the first to apply a succesful hybrid model 

combining neural network and genetic algorithm for modelling the daily foreign 

exchange rates. Moreover, significant results were reported by Karathanasopoulos et al 

(2013) and (2015b) who were trying to create hybrid models combining support vector 
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machines with genetic algorithms and neural networks with partial swarm optimizers 

in terms of forecasting different financial markets.   

The contribution and uniqueness of this paper is the combination of the two 

previous generic stochastic models with Genetic Algorithms (GA), Differential 

Evolution (DE) and Grey Wolf Optimizers (GWO). It’s the first time we have adopted 

such a sophisticated approach of combining multilayer perceptron networks and 

support vector machines with so many optimizers especially with the grey wolf 

optimizers. One early noteworthy research output came from Kennedy and Eberhart 

(1995) who indicated that hybrid algorithms combined with neural networks optimize 

the model parameters, the structure and the training procedure. Subsequently, Zhang et 

al. (2007), Karathanasopoulos et al (2010), Irani and Nasimi (2011) and 

Karathanasopoulos et al (2013) concurred by underscoring that combining optimizers 

with neural networks will always improve the forecasting power of the main model.  

Finally, there are some optimizers which are less used such as   the Grey Wolf 

Optimizer which was developed by Mirjalili et al. in 2014. Essentially, the GWO 

method came from the social behavior of grey wolf, also known as Canis Lupus, which 

belongs to Canidae group. This algorithm consists of three main stages:  the first stage 

is the social hierarchy; second stage is the encircling of the prey, while the third stage 

is the hunting and the attacking of the prey. Similarly, like any other metaheuristic 

algorithm, exploitation and exploration are also two important features in GWO which 

are known as attacking of the prey and search for the prey. Even though, we don’t have 

sufficient literature on this methodology, yet this new entry optimizer has been proven 

to be competitive and better than the existing ones3.  

 
3 See Mirjalili et al. (2014). 
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On the other hand, genetic algorithms (GA) and Differential evolution 

optimizers (DE) have been utilized successfully in many daily solving problems.  

Onwubolu and Davendra (2006), Qu et al. (2012) and Wang et al. (2012) have 

efficaciously applied GAs and DE algorithms to select the initial connection weights 

and thresholds of neural network. Vesterstrom and Thomsen (2004), have persuasively 

argued that the DE algorithm performs better than other popular GA intelligent 

algorithm, based on 34 widely used benchmark functions. Likewise, Wang et al. (2012) 

and Cai and Wang (2013), have recognized that DE can also use individual local 

information and population to search for the optimal solution. Conclusively, Onwubolu 

and Davendra (2006), Wang et al. (2012) and Qu et al. (2012), state that DE and GA 

are the best evolutionary algorithms in a variety of benchmarking models. 

3. Analysis of the data and input selection  

The data used in this paper has been downloaded from Thomson Reuters. The 

observations are coming in monthly basis and give us the advantage to forecast one 

year ahead the electricity consumption of the UAE.  Before proceeding with our 

optimization models, we first feed our models with a series of inputs correlated to the 

main index we forecast. Analytically for the electricity consumption forecast we use 

the general UAE index, five- and ten-year Sukuk bonds, crop production index, food 

production index, export index, import index, exchange rate pegged in dollars, Dow 

jones index, gross domestic product index, urbanization index, investment index and 

the consumer price index. Finally, in order to train our hybrid models, we divided the 

dataset into training period and out of sample period. The total number of observations 

starts from 1990 till 2018. There is no available information after 2019 as there is a 

consistent one years’ delay from the data providers in the UAE. More importantly, the 

data have been clustered into different groups as reported in table 1. 
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Table 1:  Total dataset divided in training and validation periods. 

Name of Period Trading Days Beginning End 

Total Dataset 336 1/1/1990 30/12/2018 

Training Dataset           216 1/1/1990 30/12/2009 

Validation Set 120 1/1/2010 30/12/2018 

 

The above dataset has been finalized in the way that it’s presented in table 1 after 

checking different unsuccessful datasets. The number of different combinations 

exceeds 1000, focusing on good statistical performance in the in-sample and out-of-

sample period. With regards to the inputs, we use 20 different variables and after two 

selections, we categorically keep the ones that significantly improve the performance 

of our combined/hybrid models. In table 2 we present all the input variables for the 

models. 

Table 2: Explanatory variables for Electric consumption in UAE 

Number Variable  Lag 

1 Electricity Consumption (UAE) 1 

2 Dubai Financial Market General Index (UAE) 1 

3 Dubai Financial Market General Index (UAE) 2 

4 7-year maturity Sukuk bond (UAE) 1 

5 5-year maturity Sukuk bond (UAE) 1 

6 4-year maturity Sukuk bond (UAE) 1 

7 Crop production index (UAE) 1 
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8 Crop production index (UAE) 2 

9 Food production index (UAE) 1 

10 Export index (UAE) 1 

11 Export index (UAE) 3 

12 Import index (UAE) 1 

13 Import index (UAE) 2 

14 Exchange rate Pegged in USD 1 

15 Consumer Price index (UAE) 1 

16 Consumer Price index (UAE) 4 

17 Dow Jones index 1 

18 Urbanization index (UAE) 1 

19 Gross domestic product (UAE) 1 

20 Gross domestic product (UAE) 2 

 

The forecast of the electricity consumption consists of total electricity generated 

annually plus imports and minus exports, expressed in kilowatt-hours. The discrepancy 

between the amount of electricity generated and/or imported and the amount consumed 

and/or exported is accounted for as a loss in transmission and distribution. 

3.1 EXAMINING THE RELATION BETWEEN THE ELECTRICITY 

CONSUMPTION INDEX AND THE OTHER FINANCIAL INDICES. 

At the outset, in order to examine the relationship between the electricity consumption 

index and the other macroeconomic/financial indices, we first compute the correlation 

between the electricity consumption index with the value of the previous day’s closing 

price of the other financial indices. The results of this exercise is presented in table 3.  
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Table 3: Pearson correlations of the variables with the electricity consumption 

index  

Financial Indices 

 

Pearson correlations (two tailed) 

with electricity consumption index 

Dubai Financial Market General Index 

(UAE) 0.067 

Dubai Financial Market General Index 

(UAE) 0.045 

7-year maturity Sukuk bond (UAE) 0.090 

5-year maturity Sukuk bond (UAE) 0.078 

4-year maturity Sukuk bond (UAE) 0.003 

Crop production index (UAE) -0.006 

Crop production index (UAE) -0.008 

Food production index (UAE) -0.071 

Export index (UAE) -0.023 

Export index (UAE) 0.009 

Import index (UAE) 0.081 

Import index (UAE) -0.045 

Exchange rate Pegged in USD -0.007 

Consumer Price index (UAE) 0.023 

Consumer Price index (UAE) 0.012 

Dow Jones index 0.005 

Urbanization index (UAE) -0.001 

Gross domestic product (UAE) 0.055 
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Gross domestic product (UAE) 0.069 

 

In general, the Pearson’s correlation essentially measures the linear association between 

two variables. The values of the correlation coefficient range from -1 to +1, and the 

sign of the correlation coefficient indicates the direction of the relationship. The 

absolute value of the correlation coefficient indicates the strength, with larger values 

indicating stronger relationships. The significance level (or p-value) is the probability 

of obtaining results as extreme as the one observed. If the significance level is very 

small (for example 0.05 which is the default significance level used by most statistical 

packages like SPSS or R) then the correlation is significant, and the two variables are 

linearly correlated. On the other hand, if the significance level is relatively large (e.g., 

0.50) then the correlation is not significant, and the two variables are not linearly 

correlated. These conclusions encourage us to continue investigating the impact of all 

the 19 variables in the electricity consumption index. 

 

3.2 Inputs for both neural networks 

The inputs that are selected in the best execution of the Optimized SVM and MLP 

models with GAs are presented in table 4.  

 

Table 4: Input Selection with GA 

Number Variable  Lag 

1 Dubai Financial Market General Index (UAE) 1 

2 Dubai Financial Market General Index (UAE) 2 

3 7-year maturity Sukuk bond (UAE) 1 

4 5-year maturity Sukuk bond (UAE) 1 
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5 4-year maturity Sukuk bond (UAE) 1 

6 Consumer Price index (UAE) 1 

7 Consumer Price index (UAE) 4 

8 Dow Jones index 1 

9 Gross domestic product (UAE) 1 

10 Gross domestic product (UAE) 2 

 

Similarly, the inputs that are selected in the best execution of the Optimized SVM and 

MLP models combined with DE algorithms are presented in table 5.  

Table 5: Input Selection with DE 

Number Variable  Lag 

1 5-year maturity Sukuk bond (UAE) 1 

2 4-year maturity Sukuk bond (UAE) 1 

3 Consumer Price index (UAE) 1 

4 Consumer Price index (UAE) 4 

5 Dow Jones index 1 

6 Gross domestic product (UAE) 1 
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Likewise, the inputs that are selected in the best execution of the Optimized SVM and 

MLP models combined with Grey Wolf Optimizer are presented in table 6. 

Table 6: Input Selection with GWO 

Number Variable  Lag 

1 Dubai Financial Market General Index (UAE) 1 

2 Dubai Financial Market General Index (UAE) 2 

3 7-year maturity Sukuk bond (UAE) 1 

4 5-year maturity Sukuk bond (UAE) 1 

5 4-year maturity Sukuk bond (UAE) 1 

6 Consumer Price index (UAE) 1 

7 Consumer Price index (UAE) 4 

8 
Import index (UAE) 

1 

 

4. Forecasting Models 

4.1 Multi-Layer Perception 

The most popular model in the family of neural networks is the multilayer perceptron 

(MLP) which has been developed by Rumelhart et al. (1986) in order to solve a non-

linear problem. A MLP is a feedforward network consisting of three layers, the input 

layer, one or more hidden layers and the output layer. The main objective of the MLP 

model is to reduce through the backpropagation function the square error. It is well 
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known that one major application area of neural networks is the forecasting one. Aladag 

et al (2010), Zhang et al. (2007) and Dunis et al. (2010), have adopted the MLP 

networks in their papers to perform the forecasting of different stock markets. They 

concluded that MLP networks in comparison to other methodologies is more accurate, 

reliable and efficient. Similarly, other research findings by Weigend et al. (1990), 

Weigend et al. (1992), Sharda et al. (1994), and Cottrell et al. (1995), Zhang et al. 

(1998), and more recently Aladag et al. (2010) have indicated that the MLP network is 

not only comparatively easy to build but also fast to run. Moreover, a significant 

advantage of adopting this model is in its incredible forecasting performance in the real-

world time series. 

4.2 Support Vector Machines 

Support vector machines (SVM) are traditional stochastic processes that can be applied 

to classification and regression problems which are essentially based on statistical 

learning theory. This approach is considered as an extension to nonlinear models and 

was developed by Vapnik 2000. Classification problems with the use of SVMs have 

been solved by Smola and Scholkopf (1998), Burges (1998), Vapnic and Cortes (1995), 

Osuna (1997), Pontil and Verri (1997), Wu et al. (2009), and Huang et al (2005). More 

specifically in classification problems we try to find an optimal ground in between those 

two classes providing the bigger margin area in between them. Mathematically, we will 

have a quadratic programming problem where the number of variables is equal to the 

number of observations. Currently scientists have created more advanced versions of 

support vector machines that successfully solve numerous problems. For instance, 

SVM have been applied in many prediction problems in finance and economics and to 

this effect, there is significant research conducted due to their forecasting power such 

as Ince and Trafalis (2008), Cao and Tay (2003), Huang et al. (2005), Kim (2003), 
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Karathanasopouloset et al. (2014), Karathanasopoulos et al. (2015a) and 

karathanasopoulos et al. (2015b). 

 4.3 Evolutionary Optimization 

In the next Sections, we present a brief description of the first two optimization 

techniques followed by a thorough exposition of the grey wolf optimizer since it is 

relatively new. For a complete discussion of GA, we follow Holland (1995), and for 

DE we follow the paper published by Das and Suganthan in (2011). Likewise, for the 

grey wolf optimizer, we follow Mirjalil et al. (2014), who published their work on 

GWOs.  Finally, it’s worth mentioning that all the fitness functions are calculating the 

mean squared error.  

 4.4 Genetic Algorithm 

Genetic algorithm is an optimization algorithm inspired by the principle of natural 

selection4. They have provided encouraging results in problems where the search space 

is big, complicated and there is no available mathematical analysis. At the outset, a 

population of candidate solutions is generated. Consequently, these solutions which are 

called chromosomes are optimized through a number of generations and two genetic 

operators characterized as crossovers and mutations. The chromosomes consist of 

genes which are the optimizing parameters.  In each generation all chromosomes are 

evaluated through a fitness function and subsequently the more fitted chromosomes are 

selected to survive. Afterwards a sub-sample of the survivors is selected to evolve 

through one-point crossover or mutation.  

 
4 For a detailed exposition see Holland (1995). 
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In sum, one-point crossover creates two offsprings from every two parents. The 

probability of an individual to be selected as a parent is called crossover probability and 

a crossover point cx is then selected randomly. The two offsprings are made by both 

concatenating the genes that precede cx in the first parent with those that follow and 

include cx in the second parent. Thenceforth, the two offsprings replace their parents in 

the population. Mutation places random values in randomly selected genes with a 

certain probability termed as mutation probability. The mutation operator helps by 

avoiding local optima and exploring a larger surface of the search space. In this study 

the crossover and mutation probabilities are set to 0.9 and 0.1 respectively.  

Crossover is used with the expectation that new chromosomes will have good 

parts of old chromosomes and conceivably the new chromosomes will be better. 

However, it is categorically recommended to leave some part of the population to 

survive till next generation. This is the primary reason why a high but not equal to one 

crossover probability was used. The selection step is based on the Holland’s (1995) 

guidelines.  The initial population is set to 30 while the termination criteria is either the 

algorithm reach the 200th generation or the average fitness across the current population 

is less than 5% away from the best fitness in the last five generations.  

 

 4.5 Differential Evolution 

According to Das and Suganthan (2011), the differential evolution (DE) algorithm is a 

stochastic real parameter optimization algorithm. Similar to the GA, the DE is an 

evolutionary algorithm based on a sequence of iterations (generations) where 

individuals are updated through selection, mutation and crossover operators.  The 

mutation operator perturbs population individuals with the scaled differences of 
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randomly selected and distinct population members. In DE the potential solutions are 

represented as strings of continuous variables comprising of feature and parameter 

variables. Discrete values are generated through rounding the continuous values and 

from the outset, a random population is generated. The algorithm for every individual 

Xi of the population, selects three other random and distinct individuals ((X1,i , X2,i , 

X3,i ). Subsequently a donor vector is generated: 

Vi = X1,i + F *(X2,i –X3,i)         [1] 

where F is the mutation scale factor. Inevitably it follows that when a binomial 

crossover operator is applied which combines every member of the population Xi with 

its corresponding donor vector Vi will consistently produce a trial vector Ui: 



 

=
otherwisejX

CrrandifjV
jU

i

jii

i
,)(

)]1,0[(,)(
)(

,

                                   [2]  

In the following juncture, all trial vectors are evaluated and if the value of the fitness 

function is lower than the one of the population Xi, then the trial vector takes its position 

in the population. Hence, this insinuates profoundly that the population is only getting 

better through these iterations. The parameter F controls the size of the differentiation 

quantity which is going to be applied to a candidate solution from the mutation operator 

while Cr determines the number of genes which are expected to change in a population 

member.  

In this study, we adhere to the guidelines provided by Qin et al. (2009). They 

recommend setting the mutation factor (F) between 0.4 and 1.0, with 0.5 being a 

common default to strike a balance between exploration and exploitation. The crossover 

probability (CR) is typically chosen between 0.7 and 0.9 to maintain diversity while 

ensuring effective convergence. We set the initial population size to 30. Similar to 
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Genetic Algorithms (GA) and Particle Swarm Optimization (PSO), the termination 

criterion is a mix of the maximum number of iterations (set to 200) and a convergence 

criterion. The convergence criterion is met when the mean population fitness remains 

within 5% of the best population fitness for more than five consecutive iterations. 

Additionally, strategies like parameter adaptation or tuning based on preliminary runs 

or meta-optimization techniques may be employed to determine the optimal settings for 

specific problems. Fine-tuning these parameters is essential as they greatly affect the 

algorithm's performance and convergence behavior. 

 

 

 

 

 

4.6 Grey Wolf Optimizer 

The Grey wolf optimizer is regarded as a top predator, which makes them first in the 

food pyramid. In this optimization methodology, we have four hierarchies applied to 

the grey wolf population which are termed as alpha, beta, delta and omega. In the first 

level we have alpha group which consists of male and female grey wolves that are 

responsible for decision making such as hunting. In the second level we have the beta 

group which is responsible for helping the alpha group in their decision making or any 

other activities. The beta group can be male or female and would be the best candidate 

for replacement of the alpha members if one of the alpha participants for instance passes 

away or becomes old. The third level is the delta group which has to submit solutions 
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to alpha and beta groups. Delta group still has dominant position in comparison to the 

omega group. In the last level, we have the omega group which consists of scouts, 

sentinels, elders, hunters and caretakers. This group is ranked last in the hierarchy and 

plays the role of a scapegoat. In sum, we can represent the model mathematically by 

following these three steps:  

4.6.1 Social Hierarchy 

In GWO, the fittest solution is represented by alpha (α), followed by the second and 

third best solutions namely beta (β) and delta (δ) respectively. Meanwhile, the rest of 

the candidate solutions are considered as omega (ω). The hunting (optimization) is 

guided by α, β and δ while the ω follows the preceding three groups. 

4.6.2 Encircling Prey 

During the hunting missions, the wolves tend to encircle their prey and this activity can 

be captured by using the following equation:  

𝐷⃗⃗  =| 𝐶 . 𝑋𝑝
⃗⃗ ⃗⃗  (t) - 𝑋 (t) |         [3] 

𝑋 (t+1) = . 𝑋𝑝
⃗⃗ ⃗⃗  (t) - 𝐴 . 𝐷⃗⃗          [4] 

 t =current iteration, 

A and C= coefficient vectors,   

Xp position vector of the prey and  

X= position vector of the grey wolves.  

For vectors A and C is calculated as follows: 
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𝐴  = 2𝑎 . 𝑟1⃗⃗⃗   - 𝑎           [5] 

𝐶  = 2. 𝑟2⃗⃗  ⃗          [6] 

where components of a! are linearly decreased from 2 to 0 over the course of the 

iterations. Meanwhile, r1 and r2 are random vectors in the range of [0,1]. 

4.6.3 Hunting 

Habitually the hunting activities are guided by the alpha group. However, both the beta 

and delta group might also be involved in these hunting activities sporadically. In 

GWO, the alpha group is the fittest candidate solution while the beta and delta groups 

are essentially the experts about the potential location of the prey. Thus, the first three 

best solutions obtained so far are saved while the other agents (including omegas) are 

induced to update their positions based on the position of the best search agents. This 

can be modeled in the following equations: 

𝐷𝛼
⃗⃗⃗⃗  ⃗ =| 𝐶1

⃗⃗⃗⃗ . 𝑋𝛼
⃗⃗ ⃗⃗   - 𝑋 |, 𝐷𝛽

⃗⃗ ⃗⃗   =| 𝐶2
⃗⃗⃗⃗ . 𝑋𝛽

⃗⃗ ⃗⃗   - 𝑋 |,  𝐷𝛿
⃗⃗ ⃗⃗   =| 𝐶3

⃗⃗⃗⃗  . 𝑋𝛿
⃗⃗ ⃗⃗   - 𝑋     [7] 

𝑋1
⃗⃗⃗⃗  = 𝑋𝛼

⃗⃗ ⃗⃗   - 𝐴1
⃗⃗⃗⃗ . (𝐷𝛼

⃗⃗⃗⃗  ⃗), 𝑋2
⃗⃗⃗⃗  = 𝑋𝛽

⃗⃗ ⃗⃗   - 𝐴2
⃗⃗ ⃗⃗ . (𝐷𝛽

⃗⃗ ⃗⃗  ), 𝑋3
⃗⃗⃗⃗  = 𝑋𝛿

⃗⃗ ⃗⃗   - 𝐴3
⃗⃗ ⃗⃗ . (𝐷𝛿

⃗⃗ ⃗⃗  )   [8] 

 

𝑋  (t+1) = 
𝑋1⃗⃗ ⃗⃗  +𝑋2⃗⃗ ⃗⃗  +𝑋3⃗⃗ ⃗⃗    

3
        [9] 

5. Empirical results 

5.1 Statistical Performance 

In tables 7,8 and 9, we present the statistical performance in the out-of-sample period 

of all the multi-objective optimizing models. To assess this out of sample data set 
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performance we apply the following criteria which include the Mean Absolute Error 

(MAE), the mean absolute percentage error (MAPE) the Root Mean Squared Error 

(RMSE) and the correct directional change (CDC). The results indicate that the lower 

output implies better forecasting accuracy of the model. (After request we can provide 

the in-sample results). 

Parameters of the classification models (MLP and SVM were) were tuned using 10-

fold internal cross-validation in the training dataset. Regarding the optimization 

methods, default values were used for most of their parameters while to allow a direct 

comparison the same number of individuals and maximum generation number was used 

for all of them (population size: 1000, maximum number of generations: 10000). 

Table 7: Statistical performance of electric Consumption with GA selected inputs (out 

of sample period). Metrics are provided as an average of 10 iterations. 

Forecast 

 

MLP 

SVM MLP-DE 

MLP-

GA 

MLP-

GWO 

SV- DE SV-GA 

SV- GWO 

MAE 0.0340 0.0420 0.030 0.0287 0.0270 0.0298 0.0320 0.0245 

MAPE 344,67% 312.34% 250.23% 230.12% 196.56% 263.28% 245.56% 201.87% 

RMSE 0.0372 0.0365 0.0392 0.0356 0.0321 0.0398 0.0345 0.0296 

CDC 50.01% 50.54% 51.87% 53.78% 54.87% 56.87% 59.89% 62.98% 

As can be gleaned from table 7, the optimizing models that combine with the GWO 

have significantly outperformed all the other models in our empirical exercises.  

Table 8: Statistical performance of electric Consumption with DE selected inputs (out 

of sample period). Metrics are provided as an average of 10 iterations. 
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Forecast 

MLP 

SVM 

MLP-

DE 

MLP-

GA 

MLP-

GWO 

SV-DE SV-GA 

SV-GWO 

MAE 0.0560 0.0589 0.0456 0.0560 0.0389 0.0410 0.0512 0.0400 

MAPE 256.56% 210.34% 153.34% 163.76% 152.86% 155.91% 168.62% 145.52% 

RMSE 0.0345 0.0337 0.0389 0.00356 0.0345 0.0295 0.0245 0.0220 

CDC 48.76% 50.98% 52.98% 54.78% 55.51% 61.87% 67.87% 64.32% 

 

The results reported in Table 8 indicate that the GWO optimizer in both combined 

models provide better statistical accuracy than all the other optimizing models and also 

it is noteworthy to recognize that all the three optimizers have outperformed the single 

traditional models. 

Table 9: Statistical performance of electric Consumption with GWO selected inputs 

(out of sample period). Metrics are provided as an average of 10 iterations. 

Forecast 

MLP 

SVM MLP-DE 

MLP- 

GA 

MLP-

GWO 

SV- DE SV-GA 

SV- GWO 

MAE 0.0250 0.0290 0.0210 0.0218 0.0169 0.0198  0.0231 0.0113 

MAPE 187.54% 155.34% 148.32% 140.23% 137.87% 147.98% 145.76% 126.91% 

RMSE 0.0384 0.0362 0.0267 0.0256 0.0245 0.0201 0.0183 0.0190 

CDC 47.87% 46.89% 50.12% 52.12% 55.86% 60.43% 62.78% 63.12% 
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The results in Table 9 again corroborate the superior performance of the GWO 

optimizer with respect to all the other optimizing models by providing the best 

statistical accuracy. Moreover, it’s quite important to demonstrate that the GWO picks 

the best inputs in our learning machines relative to all other optimizing models as all 

the results in table 9 have revealed since they are slightly better than those in tables 7 

and 8. Statistically significantly changes were inferred by performing pairwise 

comparisons of their metrics with students t-test (p-value threshold: 0.05).  

 

6. Conclusion 

In this paper we culminate our efforts in investigating the efficiency of support vector 

machines and multi-layer perceptrons combined with three optimizers in the task of 

forecasting electricity consumption of the UAE.  

Despite the existence of various research works trying to deploy heuristic optimization 

techniques to optimize the feature subset to be used by classification models for 

financial forecasting, there still does not exist any established solution in this field. 

Moreover, the problem of forecasting electricity consumption in UAE is not that has 

not been extensively studied with these techniques and thus prior knowledge on which 

features are more predictive is limited. Moreover, the lack of theoretical background on 

these heuristic optimization techniques necessitates an experimental comparative study 

to decide which ones is the best performing one. In the present study, in addition to 

established techniques for dimensionality reduction, such as GAs, we explored 

additional heuristic methods which are not so widely used, such as the GWO, and 

interestingly it was found that GWO was the best performing one combining its good 

exploration and exploitation characteristics in searching the search space. 
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The statistical performance of our multi-objective optimization models is estimated 

throughout the period of 1990-2018, using the last seven years for out-of-sample 

testing. The results indicate that the SVM-GWO and the MLP-GWO have significantly 

outperformed all the other optimization models. Hence, it’s noteworthy to mention that 

DE optimizers chronicled the second-best performance when combined with MLP and 

SVM. A salient feature that has emerged from our empirical analysis is that the input 

selection criteria came after applying two techniques.  Both of the input selection 

mechanisms have chosen consistently the best inputs and have optimized the forecasts. 

Finally, this paper denotes that the generic models have consistently underperformed 

relative to the optimization models. As such the forecasting models adopted in this 

paper would provide worthwhile information for all the entities engaged in the 

production and distribution of electricity in the UAE, so that they can adapt production 

and distribution capacities, especially in the months when consumption reaches a 

maximum value such as during the summer months. 

The process of training and evaluation models for forecasting electricity consumption 

is an offline process and thus computational complexity is not essential. All methods 

were run on the same workstation using a i7 Intel Processor and 8GB RAM memory. 

For all methods the training process required on average in between 5-8h depending on 

whether or not termination criteria were reached before the maximum number of 

generations reached. Despite the relatively high training computational cost, the 

average runtime of a trained model to predict the electricity consumption for a day in 

the validation set was less than 1msec. 

Despite the promising results of using heuristic optimization techniques for selection 

the inputs of classification models for forecasting the electricity consumption our study 

still possesses some limitations. First of all, the performance of the models is 
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benchmarked in UAE and the fact that Grey Wolf optimization is performing best is 

not evidence that this approach would be better in forecasting electricity consumption 

in other countries. Moreover, electricity consumption might be affected by many 

factors, as well as events, accidents, and proceedings in the international political 

landscape, making thus a more holistic approach a necessity to increase the predictive 

performance of the models. Finally, the proposed method used heuristic optimization 

to optimize the feature subset of the classification models but does not optimize their 

parameters which are still optimized with internal cross validation. An interesting future 

direction includes therefore the expansion of the proposed optimization method to 

optimize on parallel the parameters of the classification model. 
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