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Abstract. Ensemble learning is one of the machine learning approaches, which 
can be described as the process of combining diverse models to solve a particular 
computational intelligence problem. We can find the analogy of this approach 
also in the human behavior (e.g. consulting more experts before taking an 
important decision). Ensemble learning is advantageously used for improving the 
performance of classification or prediction models. The whole process strongly 
depends on the way of determining the weights of base methods. In this paper we 
investigate different weighting schemes of predictive base models including 

biologically inspired genetic algorithm (GA) and particle swarm optimization 
(PSO) in the domain of electricity consumption. We were particularly interested 
in their ability to improve the performance of ensemble learning in the presence 
of different types of concept drift that naturally occur in electricity load 
measurements. The PSO proves the best ability to adapt to the sudden changes. 

Keywords: ensemble learning, power load prediction, particle swarm 
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1   Introduction 

Reliable predictions are valuable in many areas of our life. In case of time series 

forecasting classical approaches are broadly used – mostly regression and time series 

analysis. However, these methods have some limitations – mainly in case they have to 

adapt to sudden or gradual changes of data characteristics, i.e. concept drift. Therefore 

new approaches have been introduced – i.e. incremental and ensemble methods. 

Incremental learning algorithms alone are usually not able to cover the problem of 

changes in target variables sufficiently. Ensemble models [24], which use a set of 

diverse base models, achieve better results in this case. In our work we have focused 

on heterogeneous ensemble learning systems. The essential part of the ensemble 

learning is the way of combining the base models. The weights of the base models are 

computed by different statistical or AI based methods. We have concentrated on finding 
the most suitable method for setting up these weights by investigating three types of 

weights’ computation – i.e. our method of weighting based on median error (MB), the 
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genetic algorithm (GA) and particle swarm optimization (PSO). To achieve more 

targeted experimental cases we have identified some typical concept drift patterns and 

explored which method fits the best for particular shape of the drift. The achieved 

results let us assume that we have found the most appropriate weighting method for 

specific patterns. These findings were subsequently verified on real data from the 

domain of electric energy – namely on the data coming from smart metering. 

This paper is organized as follows: the section 2 contains the summary of the related 
works part. In section 3 we describe our proposed approach (the incremental 

heterogeneous ensemble model for time series prediction and its improvement in terms 

of new ways of weighting base models). Experimental evaluation and results are 

presented in section 4 and the conclusion is in section 5. 

2   Related work 

To compute time series predictions, classical approaches are mainly applied. Recently 

also the incremental and ensemble approaches were introduced to create methods that 

are able to adapt to changes. 

Classical approaches to time series prediction are represented by regression and time 

series analysis. Regression approaches, such as a stepwise regression model, neural 

network and decision tree [27], model the dependencies of target variable on 

independent variables. For electricity load prediction, the independent variables are the 

day of the week, temperature, etc. Because of the strong seasonal periodicities in 

electricity load data, time series models are often used to make predictions. The most 
applied models originate from Box-Jenkins methodology [5], such as ARIMA. 

However, the classical approaches are only able to model seasonal dependencies. 

They are not able to adapt to different types of concept drift (changes in the target 

variable). Thus, they are not suitable to make predictions of electricity loads evolving 

in time and incremental learning algorithms are needed.  

Incremental algorithms process new data in chunks of appropriate size. They can 

possibly process the chunks by classical algorithms. The examples of the incremental 

learning algorithms are incremental support vector regression [31], extreme learning 

machines [8] and incremental ARIMA [21].  

Usually, the incremental learning algorithms alone cannot treat concept drifts 

sufficiently well and therefore ensemble models are used [20]. Ensemble model uses 

a set of diverse base models, where each base model provides an estimate of a target 
variable – a real number for a regression task. The estimates are combined together to 

make a single ensemble estimate. The combination of base estimates is usually made 

by taking a weighted sum of base estimates. The idea behind it is that the combination 

of several models has the potential to provide more accurate estimates than single (even 

incremental) models, namely in the presence of concept drifts [32]. 

The accuracy of the ensemble depends on the accuracy of base models and on their 

diversity [16]. The diversity of base models may be accomplished either by 

homogeneous or by heterogeneous ensemble learning approaches [32]. In 

homogeneous approach, the ensemble is comprised by models of the same type learned 

on different subsets of available data [12], [23]. The heterogeneous learning process 



applies different types of base models [24], [34]. From the literature several 

combinations are also known of heterogeneous and homogeneous learning [35]. 

Ensemble learning was also used to predict values of time series [25], [29]. All of 

these approaches use ensembles of regression models for generating time series 

predictions. They do not take explicitly any seasonal dependence into account and do 

not use time series analysis methods to make predictions. 

The essential part of the ensemble learning process is the approach used to combine 
predictions of base models. Weights are computed by different methods, such as linear 

regression model, gradient descent or by evolutionary or biologically inspired 

algorithms, e.g. particle swarm optimization or cuckoo search [19], [30].  

We identify typical types of concept drifts from time series of electricity load data 

and investigate the ability of different weighting schemas in base models prediction 

combination to decrease the error for those types of concept drifts. 

3 Incremental heterogeneous ensemble model for time series 

prediction 

We propose the incremental heterogeneous ensemble model for time series prediction. 

The main goal is to investigate different approaches for computing weights that are 
used to combine predictions of base models – MB, GA and PSO. The ensemble 

approach was chosen for its ability to adapt to changes in the distribution of a target 

variable and its potential to be more accurate than a single method. As base models we 

use several chosen regression and time series models to capture seasonal dependencies. 

3.1 Incorporating different types of models 

Our ensemble model incorporates several models to capture different seasonal 

dependencies. The models differ in algorithm, size of data chunk and training period 

(see Fig. 1). We chose the heterogeneous approach that assumes different algorithms 

for particular base models what brings the diversity into the ensemble. The size of each 

data chunk is chosen in order to capture particular seasonal variation, e.g. data from the 

last 4 days for daily seasonal dependence. Training period represents the period, after 

which is a particular base model re-trained. The model that is trained on a data chunk 

that contains data from the last 4 days, can be re-trained the next day (using a 1-day 

training period) on a data chunk that overlaps with the previous one. 

 

Fig. 1. Schematic of ensemble learning. 
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The ensemble model is used to make one-day ahead predictions. Let h be the number 

of observations that are available daily, i.e. the number of next predictions the model 

should compute in each step by weighted sum of predictions made by m base models. 

After the observations for the current day are available, the prediction errors are 

computed. Based on computed errors, the weights are updated by one of weighting 

scheme. 

Let 𝐘𝑡  be the matrix of predictions of m base models for the next h observations 

at day t (see equation 1) and 𝐰𝑡 = (𝑤1
𝑡 … 𝑤𝑚

𝑡 )𝑇 is a vector of weights for m base 

models at day t before observations of day t are available. Weights and particular 

predictions are combined to make an ensemble prediction �̂�𝑡 = (�̂�1
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The ensemble prediction for kth (𝑘 = 1, … , ℎ) observation is calculated by equation 2. 
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From the matrix 𝐘𝑡 and vector of h current observations 𝐲𝑡 = (𝑦1
𝑡 … 𝑦ℎ

𝑡 )𝑇, the 

vector of errors 𝐞𝑡 = (𝑒1
𝑡 … 𝑒ℎ

𝑡 )𝑇 for m models is computed. The error of each model 

is given by the median absolute error 𝑒𝑗
𝑡 = median(|�̂�𝑗

𝑡 − 𝐲𝑡|). A vector of errors 𝐞𝑡  is 

used to update the weights vector of base models in the ensemble by one of selected 

weighting schemes. The integration method is robust since it is not sensitive to outliers. 

Table 1 contains the base models we used in our ensemble model. 

Table 1. The 13 base models that were included in the ensemble model incorporated both short-
term (first 11 models) and long-term (last 2 models) seasonal dependencies. 

RW random walk 

MLR multiple linear regression 

RoLR robust linear regression [2] 

SVR support vector regression [33] 

RPART recursive partitioning and regression trees [1] 

RF random forest [6] 

STL+EXP 
seasonal and trend decomposition using Loess (STL) [7] in 
combination with simple exponential smoothing 

STL+ARIMA STL in combination with Box-Jenkins method (ARIMA) [5] 

STL+HW+ANN+MLR 
STL in combination with Holt-Winters exponential smoothing 
(HW), artificial neural networks and multiple linear regression 
(MLR) 

STL+HW+SVM 
STL in combination with HW and support vector machines 
(SVM) [4] 

ANN artificial neural network 

MA moving average model [22] 

MMed moving median model 



3.2 Base models weighting 

We investigate three types of weighting computation – MB, GA and PSO. 

Weighting based on median error (MB). We proposed gradual weighting method 

that changes each weight proportionally to the ratio of the median error and error of the 

particular based method. Initially weights 𝒘𝒋
𝟏 are set to 1, for each 𝒋 = 𝟏, … , 𝒎. At time 

t, the weight for jth method is recalculated by the following equation: 

𝑤𝑗
𝑡+1 = 𝑤𝑗

𝑡
median(𝐞𝑡)

𝑒𝑗
𝑡  (3) 

 

and rescaled to interval 〈1,10〉. The positive lower boundary ensures that no base 

method is excluded from the ensemble. The advantages of the presented type of 

weighting is its robustness and the ability to recover the impact of base methods. The 

weighting is robust since it uses median of errors. In contrast to average, median is not 

sensitive to large fluctuations and abnormal prediction errors. 

After the application of this weighting method on test data we were not satisfied with 

its performance on segments with sudden or gradual changes (see Fig. 2 in section 4.1). 

We found the prediction errors to be substantial in these cases. Therefore we decided 
to investigate the behavior of biologically inspired weighting methods and their 

suitability for various types of concept drifts we identified in the data. 

Biologically inspired methods. To solve complex problems, scientists have often been 

inspired by the behavior of animals which are observed in nature. At first view the 

behavior of individuals may seem very primitive, but as a whole, they can simply and 

very effectively solve complex problems. 

Particle swarm optimization. PSO [15] is an artificial intelligence (AI) technique that 

can be used to find approximate solutions to extremely difficult or impossible numeric 

maximization and minimization problems. PSO is a population based stochastic 

optimization technique. It is one of the most widely used Evolutionary Computation 

Techniques; it takes inspiration from the natural swarm behavior of birds and fishes. 

PSO has roots in two main component methodologies - artificial life in general and 

swarming theory in particular [14]. It is based on the collective intelligence of a swarm 

of particles. Each particle explores a part of the search space looking for the optimal 

position and adjusts its position according to two factors: the first is its own experience 

and the second is the collective experience of the whole swarm. 

Genetic algorithm. GA [10] is a stochastic optimization method. Its basic principle is 

inspired by real biological evolution process. The fundamental thesis of Darwin 

evolution theory states that only the best adapted individuals of a population will 

survive and reproduce. After reproduction of individuals with high fitness (assessment 

of the individual adaptation in environment) new individual is generated, such a 

descendant will reach high fitness with high probability. The goal of the evolution is 



the emergence of an individual with maximum possible fitness in a given environment. 

When minimizing errors, higher fitness corresponds to lower error. 

GA works with a set of individuals who make up the population. Individual features 

are encoded using vectors (chromosomes in biology). Each individual is rated with his 

fitness - value which expresses his success in a given environment. New individuals 

are created and selected by different selection, crossover and mutation methods [17]. 

4   Experimental evaluation 

We performed a series of experiments to evaluate the performance of our ensemble 

model that incorporates the thirteen base models. Particularly, we examined the 

behavior of three weighting methods and their ability to react to the concept drifts. Our 
goal was to find out which weighting method is the most suitable (i.e. shows the 

smallest prediction error) for data with the occurrence of sudden or gradual changes. 

We identified four concept drift patterns and further investigated what type of 

weighting is appropriate for the particular patterns. In the next sections we describe the 

data we used, the experiments and the results. 

4.1 Data 

For the experiments we used the Slovak smart metering data. The quarter-hourly 

measurements of power load for 20 regions of Slovakia were available. We observed 

concept drifts in data mainly on the holidays or summer leave. We identified the four 

common patterns of drifts (see Fig. 2) and prepared two datasets from the real data for 

each type of drift. Additionally, we created two synthetic datasets for each pattern so 

we could evaluate to what extent is the accuracy of a weighting method affected by the 

noise of the real data. We could compare then whether the method performs equally 

good on the real data as on the synthetic data. To create the synthetic data we used the 

sinus function to simulate the daily power load shape. We added the noise from 

𝒩(0, 10002) for the first datasets and 𝒩(0, 30002) for the second ones. 

type 1 type 2 type 3 type 4 

    

    

Fig. 2. Examples of concept drift patterns. Synthetic (top) and real (bottom) data. 



4.2 Measures 

We utilized the mean absolute percentage error (MAPE) to evaluate the prediction 

accuracy. MAPE is based on the relative (percentage) errors. This enables us to 

compare errors for time series with different absolute values. It is computed by eq. 4. 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑

|�̂�𝑡−𝑦𝑡|

𝑦𝑡

𝑛
𝑡=1 × 100  (4) 

4.3 Experiments 

To design the experiments, the best data chunk sizes for particular models were found 

experimentally. The most precise predictions for regression methods (MLR, SVR, 

RoLR, RPART, RF) were for 4 days. The other short-term models (RW, STL+EXP, 

STL+ARIMA, STL+HW+ANN+MLR, STL+HW+SVM, ANN) coping with daily 

seasonality performed the best with data chunk size equal to 10 days. MA and MMed 

need 1-year data chunks. We observed that models, which incorporate trend (e.g., STL-

based models), perform better with greater size of data chunk.  

Training periods for methods working with short-term seasonal dependency was 1 

day and for the long-term ones was 1 year. Since we had less than 2 years data available, 

they were trained only once and were not further retrained. There were available data 

for training (both previous 10 days and previous 1 year observations) only for the period 

July 1, 2014 – February 15, 2015. Only non-holiday Tue-Fri days were assumed 
because they contain uniform daily consumption pattern. The base models were 

incrementally trained based on particular sizes of data chunks and their periods on 

synthetic and real data, while subsequently adding new data and ignoring the old ones. 

At each day, ensemble weights are recomputed by used weighting method. 

Biologically inspired methods (PSO and GA), which we have used, have several 

characteristics in common. Both minimize median absolute error that stands for the 

fitness function (see section 3.1). They use populations of individuals (known as 

particles in PSO). The dimension of those individuals is given by the number of base 

methods m. New weights are optimized based on results from k last days (k-window). 

At the beginning, when there are available measurements from only 1 day, the 

parameter k is set to 1. As there are more days available, k increases to its maximal 
value. The maximal value was experimentally set to 4. We implemented dynamic 

change of window length that sets k to value 1, when 𝑒𝑡 is larger than given threshold 

T. The dynamic change of window length is applied only if it decreases objective 

function. T was set experimentally. The used values were 3, 4 and 5. Weights computed 

by GA and PSO are rescaled such that the smallest value is 1 and largest value is 10. 

For GA we set the population size to 80 and the number of generations to 200. The 

next population is composed of the best 50% individuals. The next half of the 

population is generated by crossover. All but the best individual are mutated. Mutation 

adds noise from 𝒩(0, 0.052) to randomly selected weight.  

The population size of the PSO method was set to 20. The algorithm ends when the 

objective function is less than 0.5 or if maximal number of iterations (100) is reached.  



Three different weighting schemes were used to investigate their ability to decrease 

error for different types of concept drift patterns on synthetic and real data. The 

experiments were provided in the R environment. We used methods implemented in 

stats, forecast [11], rpart [26], kernlab [13], randomForest [18] and pso [3] packages. 

4.4 Results 

Table 2 contains MAPE prediction errors for four selected types of electric load change. 

Values in bold represent the minimal prediction error for each test case. Every 

experiment was performed 3 times with different weighting schemes. The best result 

from each experiment was selected. 

Average daily results (see Table 2) show that biologically inspired methods achieved 

better prediction results than median-based method in the most of the cases. The 

average prediction error of PSO and GA was 5.31% smaller than prediction error of 

MB method on synthetic dataset and 5.80% on real dataset.  
Tests on real datasets showed that PSO achieved 7.16% better prediction results than 

MB and 2.84% better prediction results than GA. On average, PSO achieved 5.61% 

smaller prediction error than MB and 4.08% smaller prediction error than GA on both 

datasets combined. The PSO outperformed the other two methods on synthetic and real 

dataset. GA method gained better results than the MB method, but not significantly.  

According to the results, PSO seems to be the best weighting method to decrease 

error for all types of concept drift patterns, especially for type 3 and 4. The average 

relative prediction error of PSO was smaller than GA and MB by 4.20% on type 1, 

3.94% on type 2, 5.40% on type 3 and 5.85% on type 4. In two cases GA obtained 

better result than PSO, but the difference between the results was not significant. 

Table 2. Average daily MAPE error of ensemble prediction with various weighting methods. 
Results for synthetic and real datasets of each type of change. Each row is the result for one 
dataset of respective concept drift type. 

type 
synthetic datasets real datasets 

MB PSO GA MB PSO GA 

1 
3.608057 3.400082 3.438460 5.879536 5.115981 5.425064 

6.337597 6.263065 6.221111 4.167873 3.909871 4.015005 

2 
3.087152 2.794140 2.949461 3.784411 3.603070 3.771126 

5.766299 5.630975 5.778790 4.517974 4.353529 4.452641 

3 
3.366592 3.251221 3.699905 4.358098 3.907345 4.013147 

6.210916 6.210729 6.493604 3.548538 3.100759 3.129184 

4 
9.311810 8.766447 9.978095 5.846086 5.479890 5.733959 

10.742680 10.270954 10,977823 4.101759 4.084168 4.075274 

5   Conclusion 

The presented paper describes our results in the area of exploring new ways of 

predictive base models weighting in ensemble learning. Our goal was to minimize an 



error of the proposed prediction model. The main concern was to examine the behavior 

of three weighting methods in their ability to react to the concept drifts and to find out 

the most suitable method for data where sudden or gradual changes occur. We identified 

four concept drift patterns and investigated which type of weighting fits best to the 

particular pattern. During the evaluation we have considered various types of concept 

drifts and explored how the precision of the predictive model is affected by individual 

methods (i.e. weighting based on median error – MB, particle swarm optimization – 
PSO and genetic algorithm – GA). The experiments were performed on synthetic and 

real datasets. The best results were achieved by weighting computed by PSO method 

(in real and synthetic datasets in all cases except one). We would like to remark that in 

case of electric load prediction even slight improvement of prediction is of great 

significance. The accuracy of electricity load prediction is namely very important as 

even minor prediction error emerging simultaneously in a large number of sampling 

sites is considerable. Our experiments, similarly as the works [28] and [9], proved that 

PSO can be very successfully used to solve various complex problems. 
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