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Abstract. The complexity of certain problems causes that classical methods for
finding exact solutions have some limitations. In this paper we propose an incremental heterogeneous ensemble model for time series prediction where biologically inspired algorithms offer a suitable alternative. Ensemble learning techniques are advantageously used for improving performance of various prediction
methods. The quality of this kind of machine learning approaches depends on
proper combination of used methods. The influence of each of the used method
can change on the fly and is determined by proper choice of its weights. Finding
optimal weights in prediction methods represents typical optimization problem
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with objective function reflecting error minimization, where biologically inspired
algorithms can be used. In the proposed paper we study several biologically inspired algorithms in the process of weights optimization. We investigate and
compare ensembles using base models and ensembles optimized by biologically
inspired algorithms. We demonstrate, that the ensemble learning prediction models optimized by biologically inspired algorithms outperformed the base prediction methods. We present performance and accuracy results of proposed ensemble models that were evaluated on power load datasets with concept drifts.
Keywords: ensemble learning, time series prediction, biologically inspired algorithms, power load prediction.

1

Introduction

Nowadays, the biologically inspired computing is becoming very popular. This is primary due to the fact that the nature and its wise organization has astonished us for a
long time. Another motivating factor today is the progress of technology which allows
us to simulate these processes much more effectively. There are many areas where natural computing brings new and successful approach. We have found it useful in the
problem of creating prediction models, particularly in the ensemble model, where a set
of diverse base models is used. The rationale is to combine the advantages of different
base algorithms. The essential part of the ensemble learning is the method for combining the base models. The weights of the base models are computed by statistical or
different biologically inspired methods. We have concentrated on finding the most suitable method for setting up these weights by investigating six methods of weight com-

putation in this paper. Particular attention was paid to the selection of biologically inspired (BI) algorithms. BI algorithms are one of the main categories of the nature inspired metaheuristic algorithms. The efficiency of the biologically inspired algorithms
is due to their significant ability to imitate the best features in nature. These algorithms
are based on the selection of the fittest in biological systems which have evolved by
natural selection over millions of years. Various biologically inspired optimization algorithms have been developed during the recent decades and according to [6] they can
be divided into three main categories: Evolution-based algorithms, Swarm Intelligence
and Ecology inspired algorithms. In this work we have used algorithms: Artificial Bee
Colony (ABC), Grey Wolves Optimizer (GWO), Particle Swarm Optimization (PSO),
Genetic Algorithm (GA), Differential Evolution (DE) and Biogeography-Based Optimization (BBO). They cover all the mentioned categories.
We focused on one application domain – power demand forecasting. With the emergence of smart metering more data are available for a power distributor. The accurate
forecasts are essential for his power scheduling and regulation. The improvement of
current power demand forecasts in Slovakia by 1 % would lower the total regulation
fees by approximately 6.7 million euros a year. The smart metering data arrive continuously each quarter-hour. The prediction model becomes outdated over time with arrival of new data due to changes in data distribution. Changes are caused by various
factors, e.g. the power demand can be affected by the day of the week, season, weather,
demographic or economic factors. The phenomenon is called concept drift [11]. To
achieve more targeted experimental cases we have identified some typical concept drift
patterns in smart metering data from Slovakia and explored which method fits the best
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for the particular shape of the drift. The achieved results let us assume that we have
found the most appropriate weighting method for specific patterns.
This paper is organized as follows: section 2 contains a summary of the related work.
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,
the incremental and ensemble approaches were also introduced to create methods that
are able to adapt to changes.
Classical approaches to time series prediction are represented mainly by regression
and time series analysis. Regression approaches model the dependencies of target variable on independent variables. For power demand prediction, the independent variables are the day of the week, hour of the day, temperature, etc. Plenty of different regression models were presented in the literature, such as a stepwise regression model,
neural network and decision tree [48]. Because of the strong seasonal periodicities in
power demand data, time series models are often used to make predictions. The most
often, the models of Box-Jenkins methodology [3] are applied, such as AR, MA,
ARMA, ARIMA and derived models.
However, the classical approaches are only able to model seasonal dependencies.
They are not able to adapt to incoming data comprising different types of concept drift.

Thus, they are not suitable to make predictions of power demand 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. Most of the incremental learning
algorithms, presented in the literature are based on machine learning approaches, e.g.
incremental support vector regression [52] and extreme learning machines [14]. Recently, the incremental ARIMA was proposed for time series prediction [34].
Usually, the incremental learning algorithms alone cannot treat changes in the target
variable sufficiently well. In order to capture the different types of concept drifts, ensemble models are used to achieve better predictions (see [32] for introduction to ensemble learning). 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 [54]. Some ensemble models use additional pruning phase to achieve
more accurate results by dropping redundant and useless models from the base set [46].
In addition, they have several more advantages over single models, such as the scalability, the natural ability to parallelize.
The accuracy of the ensemble depends on the accuracy of base models and on their
diversity [26]. The diversity of base models may be accomplished either by homogeneous or by heterogeneous ensemble learning approaches [54]. In homogeneous approach, the ensemble is comprised by models of the same type learned on different
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subsets of available data [21], [39], [40]. The heterogeneous learning process applies
different types of base models [41], [57]. From the literature several combinations are
also known of heterogeneous and homogeneous learning [56].
Ensemble learning was also used to predict values of time series [20], [29], [42],
[44], [50]. 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. For regression problems, this is done by their linear combinations. Weights used in the combination sum to 1, and are computed by various
statistical methods and different biologically inspired (BI) methods.
BI algorithms get the inspiration from living organisms and nature. It can be said
that nature always finds the strategy to solve various problems even the complex ones.
This strategy involves interaction among organisms, balancing the environment, adaptations to changes, species diversity, effective discovering with no or little knowledge
of the search space. Nature has been solving these problems for million years, therefore
strategies that are seen nowadays can be considered as effective. The evolutionary algorithms are inspired from the genetic evolution process. Genetic Algorithm (GA) [12],
and Differential Evolution (DE) [45] are the well-known paradigms of the evolutionary
algorithms. The evolutionary algorithms have been remarkably improved over the last
decades. Simon [43] has proposed a new evolutionary algorithm, namely Biogeography-Based Optimization (BBO). The BBO algorithm is used for global recombination
and uniform crossover which are inspired from GA literature. The most well-known
paradigms in the area of Swarm Intelligence are Particle Swarm Optimization (PSO)

[9], Cuckoo Search [51] and Ant Colony Optimization (ACO) [8]. These algorithms
are based on the simulation of the collective behavior of animals. PSO is a populationbased method inspired from the social behavior of bird flocking or fish schooling. Foraging behavior of honey bees have also been an inspiration for metaheuristic algorithms. For example, the Artificial Bee Colony (ABC) [22] consist of three types of
bees and each bee type has different task in food (nectar) collecting. There are also new
Swarm Intelligence algorithms like Grey Wolf Optimizer [33] that implements hunting
strategy of grey wolves pack where omega wolves are directed by three dominant
wolves (alpha, beta and delta).

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 biologically inspired algorithms for computing
weights that are used to combine predictions of base models. The ensemble approach
was chosen for its ability to adapt quickly 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

Incorporation of Different Types of Prediction Models

Our ensemble model incorporates several types of models for capturing 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
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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 a particular base model is re-trained. The model that is trained on a
data chunk containing 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 --The ensemble model is used to make one-day ahead predictions. Let h be the number
of observations that are available daily. Hence h is also the number of next predictions
the model is going to 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. Then, each base model 𝑖 = 1, … , 𝑚, for which t fits its training period pi, is retrained on data chunk of size si.
̂𝑡 be the matrix of predictions of m base methods for next h observations at day t
Let 𝐘
(see equation 1) and 𝐰 𝑡 = (𝑤1𝑡

𝑡 𝑇
… 𝑤𝑚
) is a vector of weights for m base methods

at day t before observations of day t are available. Weights and particular predictions
are combined to make an ensemble prediction ̂𝐲 𝑡 = (𝑦̂1𝑡
𝑡
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The ensemble prediction for kth (𝑘 = 1, … , ℎ) observation is calculated by equation 2.

𝑦̂𝑘𝑡 =

𝑡
∑𝑚
̂𝑘𝑗
𝑤
̅ 𝑗𝑡
𝑗=1 𝑦

∑𝑚
̅ 𝑗𝑡
𝑗=1 𝑤

(2)

̂𝑡 and vector of h current observations𝐲 𝑡 = (𝑦1𝑡
From the prediction matrix 𝐘
the vector of errors 𝐞𝑡 = (𝑒1𝑡

… 𝑦ℎ𝑡 )𝑇 ,

… 𝑒ℎ𝑡 )𝑇 for m methods is computed. The error of each

method is given by 𝑒𝑗𝑡 = median(|𝐲̂𝑗𝑡 − 𝐲 𝑡 |). 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 uses the median absolute error that is not sensitive to outliers.

3.2

Base Models

In the ensemble model we included the following 8 base models that incorporated shortterm (7 models) and long-term (1 model) seasonal dependencies. According to prediction approach, our selected base models can be divided into three groups: regressionbased models, time series analysis models and AI based models.

Regression-Based Models. Multiple linear regression (MLR) attempts to model the
relationship between two or more explanatory variables and a response variable by fitting a linear equation to observed data.

Time Series Analysis. Random walk (RW) is a naive method appropriate for time series data that uses ARIMA seasonal method for forecasting. We have used
the 𝐴𝑅𝐼𝑀𝐴(0,0,0)(0,1,0)ℎ .
Method STL (Seasonal and Trend decomposition using Loess) is a combination with
four different predicting methods. The main idea in STL is to decompose a seasonal
time series into three parts: trend, seasonal and remaining [7].
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We combined the STL with ARIMA model (STL+ARIMA) for the prediction of the
decomposed parts. ARIMA was introduced by Box and Jenkins [4] and is one of the
most popular approaches in forecasting [18].
The second combination of STL involved the Holt-Winters exponential smoothing
for the prediction of the seasonal part, the neural network for the trend part and the
multiple regression model for the noisy part (STL+HW+ANN+MLR).
Moving average model (MA) can extrapolate the non-seasonal patterns [37] and
trends. It is supposed, that the time series is locally stationary and has a slowly varying
mean. The moving (local) average is taken for the current value estimation of the mean
and used as the forecast for the near future.

AI Based Models. Artificial Neuronal Networks (ANN) are trained to learn the relationships between the input variables (past demand, temperature, etc.) and historical
load patterns. Proper construction of the ANN model is based on the exploratory data
analysis, where traditional time series analysis methods for estimation of the lag dependence in the data are used.
The SVM regression method (SVR) [55] that utilize an epsilon-regression that uses
the Gaussian radial basis function kernel is employed and tested. We have used the
same explanatory variables as in the multiple linear regression model.
Random forests (RF) [5] are an ensemble learning method based on constructing of
decision trees at training time and outputting the class (classification) or mean prediction (regression) of the individual trees. Random forests correct for decision trees so
that they prevent over-fitting to their training set.

3.3

Biologically Inspired Base Models Weighting

To solve complex problems, scientists have often been inspired by the behavior of animals and plants observed in nature. At first glance, the behavior of individuals may
seem very simple, but as a whole, they can solve complex problems simply and very
effectively.
In this study, six weighting schemes based on biologically inspired algorithms for
heterogeneous ensemble learning model are proposed. These algorithms are used to
minimize prediction error of m base time series models for power demand forecasting.
In the next section, we describe principles and behavior of six biologically inspired
algorithms used in proposed ensemble model.

Swarm Intelligence Inspired Algorithms. Swarm Intelligence (SI) inspired algorithms is a branch of biologically inspired algorithms focused on collective social behavior of organisms. SI mimics the way how organisms collectively perform specific
tasks like food foraging, hunting, environment exploration or finding a suitable mate.
SI algorithms are very popular and used to solve complex problems. There are many
reasons for that. First of all, these algorithms usually share information among multiple
agents, so the self-organization, co-evolution and learning during iterations may help
to provide high efficiency of most SI-based algorithms [10]. Next reason is that they
can solve the problems in a flexible and robust way at the same time. The flexibility
allows adaptation to changes in environment or population. The robustness ensures that
the solution can be found even when some individual agents fail to perform their task.
Another reason is that multiple agents can run parallel, so the optimization task can be
performed faster.
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Artificial Bee Colony (ABC). ABC simulates the foraging behavior of a honeybee colony [22]. The algorithm is used to solve constrained as well as unconstrained global
optimization problems.
The bee colony in the implementation of ABC algorithm consists of three types of
bees: employed bees, onlooker bees and scout bees. Usually half of the colony is composed by employed bees and the second half is composed by onlooker bees. Each employed bee is associated with one specific food source. Each food source represents a
solution (d-dimensional vector 𝑿𝑖 = (𝑥1𝑖 , 𝑥2𝑖 , 𝑥3𝑖 , … , 𝑥𝑑𝑖 ) of values). The task of an employed bee is to search for new food source 𝑽𝑖 with more nectar (better solution) in the
neighborhood of the current food source. The search is defined by the equation:
𝑗

𝑣𝑘𝑖 = 𝑥𝑘𝑖 + 𝜙𝑘𝑖 × (𝑥𝑘𝑖 − 𝑥𝑘 )
𝑿𝑗 is randomly selected candidate solution (𝑖 ≠ 𝑗), 𝑘 ∈ {1,2, … , 𝑑} is randomly chosen
index and 𝜙𝑘𝑖 is a random value from a range [−1,1].
If the fitness of the new source 𝑽𝑖 is better than the fitness of current source 𝑿𝑖 then
the employed bee immediately forgets the old food source and puts the new source in
its memory. After all employed bees return to the hive, they share information about
the amount of nectar and position of their food sources with the onlooker bees. Each
onlooker bee then chooses one food sources depending on the provided information.
The food sources with higher quality are more likely to be selected by the onlooker bees
than the ones with lower quality. The probabilistic selection is based on a roulette wheel
selection mechanism which can be defined by the following equation.

𝑃𝑖 =

𝑓𝑖𝑡𝑖
∑𝑆𝑁
𝑛=1 𝑓𝑖𝑡𝑛

𝑓𝑖𝑡𝑖 is the fitness value of the solution i, which is proportional to the nectar amount of
the food source in the position i and SN is the number of food sources.
After an onlooker bee has performed the selection, then the bee visits the source and
search in the neighborhood for new better solutions and acts exactly like an employed
bee. If a food source is not improved over a predefined number of trials (called limit),
then the food source is considered as exhausted and it is abandoned. The employed bee
which abandons its food source turns into a scout bee. The scout bee searches for new
source regardless of existing sources.
Assuming that the exhausted source is 𝑿𝑖 then the scout bee can discover a new food
source by the following equation.
𝑗

𝑗

𝑗

𝑗

𝑥𝑖 = 𝑥𝑚𝑖𝑛 + 𝑟𝑎𝑛𝑑(0,1)(𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛 )
𝑗 ∈ {1,2, … , 𝑁} are randomly chosen indexes. The algorithm proceeds until predefined
𝑗

𝑗

number of iterations is reached. 𝑥𝑚𝑖𝑛 and 𝑥𝑚𝑎𝑥 are lower and upper boundaries of the
jth dimension.
Grey Wolves Optimizer (GWO). GWO is inspired by social leadership and hunting behavior of grey wolves [33]. Grey wolves live in small packs with a strict hierarchy that
help them to survive in a very rough environment where they hunt prey. Each pack of
wolves consists of four types of wolves: alpha (α), beta (β), delta (δ), and omega (ω).
Alpha is the leader of whole pack. It decides which prey is going to be hunted. Beta
and delta are subordinate wolves that help the alpha in decision-making or other pack
activities. Omegas are the lowest ranking grey wolves and their main task is to help
with hunting. During the hunt, they are guided by alpha, beta and delta wolves toward
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good preys (promising areas of the search space). The hunt consists of three steps:
searching for prey, encircling prey, and attacking prey.
The algorithm implements the wolves’ hierarchy found in nature and the hunt technique consisting of searching for prey (exploration of the search space), encircling and
attacking prey (exploitation the search space). Each wolf represents a solution in highdimensional space.
The algorithm starts with number of N wolves and runs predefined number of iterations. At the beginning of each iteration three best wolves (depending on their fitness)
are chosen as alpha, beta and delta. The rest wolves are omegas. During the iteration
omega wolves update their position around the recently chosen leader wolves. The position of each omega wolf at iteration t is updated by the following six equations.
𝐃α = | 𝐂1 . 𝐗 α − 𝐗 |

𝐗1 = 𝐗 α − 𝐀1 . 𝐃α

𝐃β = | 𝐂2 . 𝐗 β − 𝐗 |

𝐗 2 = 𝐗 β − 𝐀 2 . 𝐃β

𝐃δ = | 𝐂3 . 𝐗 δ − 𝐗 |

𝐗 3 = 𝐗 δ − 𝐀 3 . 𝐃δ

The final position of the wolf is calculated as follows:
𝐗 𝑡+1 =

𝐗1 + 𝐗 2 + 𝐗 3
3

𝑫, 𝑪, and 𝑿 are d-dimensional vectors, 𝑿𝛼 𝑖𝑠 the position of the alpha, 𝑿𝛽 is the position of the beta, 𝑿𝛿 is the position of delta. The 𝑪1 , 𝑪2 , 𝑪3 , 𝑨1, 𝑨2 and 𝑨3 are randomly
chosen coefficient vectors, and 𝑿 is the current position of the wolf. 𝑨 and 𝑪 vectors
are used to balance the exploration and exploitation in GWO. 𝑪 and 𝑨 coefficient vectors are calculated by the following equations.

𝐀 = 2𝐚 . 𝐫1 − 𝐚
𝐂 = 2. 𝐫2
Components of 𝒂 are linearly decreased from 2 to 0 over the course of iterations
and 𝒓1, 𝒓2 are random vectors from range [0,1].
The optimization stops when the algorithm reaches the predefined number of iterations. The best solution is held by the alpha wolf.
Particle Swarm Optimization (PSO). PSO 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. It was firstly introduced in 1995 by Kennedy
and Eberhard [25]. PSO has roots in two main component methodologies - artificial life
in general and swarming theory in particular [24]. 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.
The concept of algorithm is very simple. Each particle (a member of population)
represents a solution in a high-dimensional space. Each particle has four vectors: current particle position, best position found so far (pbest), the global best position found
by neighbors so far (gbest) and velocity of the particle.
At the beginning, a number of particles are set into searching space. Each particle is
attracted towards its own best position found so far and the global best position found
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by neighbors. If particle finds a new better position it will updates its current best position (pbest). At the beginning of each iteration a particle with the best position is selected as the global best position (gbest). Algorithm proceeds until predefined number
of iterations is reached or the objective is no longer improved. Each particle updates its
𝑖
𝑖
position 𝑥𝑘+1
and velocity 𝑣𝑘+1
during each iteration.

𝑖
𝑖
𝑥𝑘+1
= 𝑥𝑘𝑖 + 𝑣𝑘+1

𝑔

𝑖
𝑣𝑘+1
= 𝑣𝑘𝑖 + 𝑐1 𝑟1 (𝑝𝑘𝑖 − 𝑥𝑘𝑖 ) + 𝑐2 𝑟2 (𝑝𝑘 − 𝑥𝑘𝑖 )

𝑥𝑘𝑖 is the current particle position, 𝑣𝑘𝑖 is the particle velocity, 𝑐1 and 𝑐2 are cognitive and
social parameters, 𝑟1 and 𝑟2 are random numbers from range (0,1).
PSO is widely used in many optimization applications, because it can be easily understand and it is computationally and memory effective. It has simple concept of calculation and has only few initial parameters which need to be set. It is simpler than GA
and able to obtain better solutions [16]. It may cause by different philosophy of the
algorithms. In PSO, all particles share the information about the global best solution in
order to improve themselves. The GA does not share such information. It only removes
the worst solutions and saves the good ones to next generation.

Evolution Inspired Algorithms. Evolution-based algorithms are inspired by the ability of living organisms to adapt to their environment by evolving. This is one of the
most powerful problems solving technique found in nature. It is responsible for the
design of all living organisms on the earth, and for various strategies they use to survive.
Evolution-based algorithms consist of population of individuals where each one represents a solution to a given problem. Evolution-based algorithms are iterative. At each

iteration a predefined set of operators is applied to individuals of population to generate
new individuals of next generation. There are three types of operators. First, recombination operators used to recombine usually two individuals (parents) to produce new
individual or individuals. Next operators are mutations used to modify an individual
which introduces new features to the population. The most important operator is selection. It is usually based on fitness of each individual (a quality measurable capability to
survive and perform a given task). Individuals with a higher fitness have a higher probability to be chosen to the population of the next iteration or as parents for the generation of new individuals.
Genetic Algorithm (GA). GA [17] is a stochastic optimization method. Its basic principle is inspired by real biological evolution process. The fundamental thesis of Darwin
theory of evolution proposes 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 its
fitness – value which expresses its success in a given environment. Genetic algorithm
consists of following steps (there are different selection, crossover and mutation methods, more in [27]):
1. New randomly generated population is created.
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2. In every evolution epoch create new population from the old one. Elitism is used to
ensure that best individuals will always survive, in the end a small fraction of the
best individuals is copied to the new generation.
(a) Two parent individuals are chosen from population, individuals with higher fitness should have higher probability to be chosen.
(b) Reproduction takes place only with a certain probability. If individuals do not
pass reproduction they are returned with no changes to the population. Reproduction takes place in two steps - crossover and mutation:
(i) Crossing is exchange of parts of the chromosomes of individuals between
themselves. A random point 𝑢 is chosen as a crossing point where the chromosome divides and parents mutually exchange chromosome parts, thus producing new offspring. The new offspring can be simply calculated by the
equation:
𝑂𝐹𝐹𝑆𝑃𝑅𝐼𝑁𝐺 = 𝑃𝐴𝑅𝐸𝑁𝑇1 ∗ 𝑢 + 𝑃𝐴𝑅𝐸𝑁𝑇2 ∗ (1 − 𝑢)
where 𝑢 is a random number from (0, 1) representing the portion of the parent values transmitted to the offspring.
(ii) A mutation is a change in the chromosome of an individual with a certain
probability (e.g. when using real numbers encoding, addition of random
number with normal distribution).
(c) Individuals are inserted into new population and their fitness is computed.
3. If best individual fitness is higher than selected threshold (solution was found) or
max population epoch is reached then stop, else return to step 2.

Differential Evolution (DE). DE [45] is an evolution strategy for optimization. It was
designed to be a stochastic direct search method. It is able to handle non-differentiable,
nonlinear and multimodal cost functions. It can be parallelized. A low number of parameters is required to use it and it has good convergence properties. DE borrows the
idea from Nelder & Mead method and employs information from within the vector
population to alter the search space. DE’s self-organizing scheme takes the difference
vector of two randomly chosen population vectors to mutate an existing vector. It is
done for every population vector in contrast to traditional evolution strategies.
Formally, it can be described as a parallel direct search method that utilizes NP
D-dimensional parameter vectors 𝒙𝐺𝑖 , 𝑖 = 1,2, … , 𝑁𝑃 as a population for each generation G. The first generation is chosen randomly to cover the entire parameter space.
Then each next generation is created by this procedure:
1. mutation: For each target vector 𝒙𝐺𝑖 , 𝑖 = 1,2, … , 𝑁𝑃, a mutant vector is created as
𝒗𝐺+1
= 𝒙𝐺𝑟1 + 𝐹 ∙ (𝒙𝐺𝑟2 − 𝒙𝐺𝑟3 ) with random indices 𝑟1 , 𝑟2 , 𝑟3 that are different from
𝑖
i. F is a weight from [0,2] that controls the amplification of the differential variation.
2. crossover: Each target vector 𝒙𝐺𝑖 is introduced to crossover with the mutant vector
𝒗𝐺+1
to increase the diversity and a trial vector 𝒖𝐺+1
is created as:
𝑖
𝑖

𝑢𝑗𝑖𝐺+1 = {

𝑣𝑗𝑖𝐺+1

𝑖𝑓(𝑟𝑎𝑛𝑑𝑏(𝑗) ≤ 𝐶𝑅)𝑜𝑟 𝑗 = 𝑟𝑛𝑏𝑟(𝑖)

𝑥𝑗𝑖𝐺

𝑖𝑓(𝑟𝑎𝑛𝑑𝑏(𝑗) > 𝐶𝑅) 𝑜𝑟 𝑗 ≠ 𝑟𝑛𝑏𝑟(𝑖)

𝑗 = 1,2, … , 𝐷
randb(j) is the jth evaluation of a uniform random number generator with outcome
from [0,1], CR is the crossover constant from [0,1] determined by the user, rnbr(i)
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is a randomly chosen index from 1,2,…,D which ensures that the trial vector gets
at least one parameter from the mutant vector.
3. selection: Each trail vector 𝒖𝐺+1
is compared to the original target vector 𝒙𝐺𝑖 . The
𝑖
one that yields a smaller cost function is selected to the next generation G+1.

Ecology Inspired Algorithms. Ecology inspired optimization algorithms are the third
branch of BI algorithms. It is the latest branch so it is not as numerous as the previous
ones. The main characteristic of these algorithms is that they are inspired not only by
intra-species but also the inter-species interaction, symbiosis and interaction with the
environment.
Biogeography-Based Optimization (BBO). BBO is a population-based evolutionary algorithm that is based on the mathematics of biogeography. Biogeography is the study
of the geographical distribution of biological organisms.
The theory builds on the first principles of population ecology and genetics to explain how distance and area combine to regulate the balance between immigration and
extinction in island populations. Geographical areas that are well suited to life for biological species are said to have a high habitat suitability index (HSI). Features that correlate with HSI include such factors as rainfall, temperature diversity of vegetation,
diversity of topographic features and land area. The variables that characterize habitability are called suitability index variables (SIVs). SIVs can be considered the independent variables of the habitat, and HSI can be considered the dependent variable
[43,30].

Mathematical modeling of BBO is given as follows: if 𝑃𝑆 (𝑡) denotes the probability
that a habitat contains exactly S species at time t, at time t+Δt the probability is:
𝑃𝑆 (𝑡 + 𝛥𝑡) = 𝑃𝑆 (𝑡)(1 − 𝜆𝑆 𝛥𝑡 − 𝜇𝑆 𝛥𝑡) + 𝑃𝑆−1 𝜆𝑆−1 𝛥𝑡 + 𝑃𝑆+1 𝜇𝑆+1 𝛥𝑡
where 𝜆𝑆 is immigration rate, 𝜇𝑆 emigration rate, when there are S species in the habitat. The largest possible number of species that the habitat can support is Smax, at which
point the immigration rate is zero. If there are no species on an island, then the emigration rate is zero. As the number of species on the island increases, it becomes more
crowded, more species representatives are able to leave the island, and the emigration
rate increases. When the island contains the largest number of possible species Smax, the
emigration rate reaches its maximum possible value E.
If Δt → 0 then the following equation results:
−(𝜆𝑆 + 𝜇𝑆 )𝑃𝑠 + 𝑃𝑆+1 𝜇𝑠+1
𝑃𝑆 = { −(𝜆𝑆 + 𝜇𝑆 )𝑃𝑆 + 𝑃𝑆+1 𝜇𝑆+1 + 𝑃𝑆−1 𝜆𝑆−1
−(𝜆𝑆 + 𝜇𝑆 )𝑃𝑆 + 𝑃𝑆−1 𝜆𝑆−1

𝑆 = 0
1 ≤ 𝑆 ≤ 𝑆𝑚𝑎𝑥 − 1
𝑆 = 𝑆𝑚𝑎𝑥

From [43]
𝜇𝑘 =

𝐸𝑘
𝑛

𝑘
𝜆𝑘 = 𝐼 (1 − )
𝑛
where E is maximum emigration rate, I is maximum immigration rate, k represents the
rank of a habitat after sorting them according to their HSI and n is total number of
species in that habitat.
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The BBO migration strategy is similar to the global recombination approach of the
greedier GA [35] and evolutionary strategies [1]. In evolutionary strategies, global recombination is used to create new solutions. BBO migration is used to change existing
solutions. Global recombination in evolutionary strategy is a reproductive process,
while migration in BBO is an adaptive process. It is used to modify existing islands.

4

Experimental Evaluation

We performed a series of experiments to evaluate the performance of our ensemble
model that incorporates 8 previously mentioned base models (see section 3.2). Particularly, we examined the behaviour of various biologically inspired weighting algorithms
and their ability to react to the concept drifts. We identified four concept drift patterns
and further investigated what type of weighting is appropriate for the particular patterns.
We evaluated the performance of our ensemble model in comparison to its individual
base models. In our previous research [13] the ensemble model consisted of 13 base
models. We optimized the ensemble accuracy by reduction of the number of prediction
base models. We excluded prediction models with similar results to increase the diversity of the ensemble model, which is the key property for good ensemble results [31].
Our goal was to find out which biologically inspired weighting algorithm is the most
suitable (i.e. shows the smallest prediction error) for data with the occurrence of sudden
or gradual concept drifts. We also studied the convergence properties and time complexity of each approach.
In the next sections we describe the data we used, the experiments and their 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 three datasets for each type of drift.
--- Fig. 2 ---

4.2

Measures

We utilized the mean absolute percentage error (MAPE) to evaluate the prediction
accuracy. MAPE is based on relative (percentage) errors. This enables us to compare
errors for time series with different absolute values. It is computed by the following
equation.
1

𝑀𝐴𝑃𝐸 = 𝑛 ∑𝑛𝑡=1

4.3

|𝑦̂𝑡 −𝑦𝑡 |
𝑦𝑡

× 100

(3)

Experiment Setup

To design the experiments, the best data chunk sizes for particular models were found
experimentally. The most precise predictions for regression (MLR) and AI based methods (SVR, RF) were for 4 days. The other short-term models (RW, STL+ARIMA,
STL+HW+ANN+MLR, ANN) coping with daily seasonality performed the best with
a data chunk size equal to 10 days. MA need 1-year data chunks. We observed that
models which incorporate trend (e.g., STL-based models), perform better with a greater
size of data chunk.
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Training periods for methods working with short-term seasonal dependency were
1 day and for the long-term methods were 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 for the 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 similar daily consumption patterns. 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 old data.
At each day, ensemble weights are recomputed by the chosen weighting method.
Biologically inspired algorithms, which we have used, have several characteristics
in common. All of them minimize the mean absolute percentage error that stands for
the fitness function (see section 4.2). They use populations of individuals (known as
particles in PSO, bees in ABC or wolves in GWO) to represent the solutions. 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 𝑒 𝑡 is larger than given threshold T. The dynamic change of
window length is applied only if it decreases objective function. The best value of T =
5 was found experimentally. Weights computed by biologically inspired algorithms are
rescaled 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. Each
next population is composed of the best 50% individuals (natural selection). 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 2 randomly selected weights in the individual. The number of best (mutation-free) individuals is 2.
The population size of the PSO was set to 35. The algorithm ends when the objective
function is less than 0.5 or if maximal number of 35 iterations is reached. The local
exploration constant 𝑐1 was set to 0.5 + log(2) and the global exploration constant
was set to 0.8 + log(2).
In the ABC algorithm, the number of bees in swarm was set to 50. Half of the swarm
consisted of worker bees, the other half consisted of onlooker bees. The limit of food
source was set dynamically depending on swarm size and number of problem dimensions. The formula for the food source calculation is:
𝑙𝑖𝑚𝑖𝑡 = (swarm size /2) ∗ 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠
Maximum number of iterations was set to 75.
The number of individuals in DE was set to 80 respectively 130. The number is
calculated as a decuple of the problem dimensions. The crossover constant CR was 0.9
and selecting differential weighting factor F was 0.8. The algorithm tested each new
mutated individual with the individual from the previous generation. Only individual
with the best value proceeded into the next generation. The maximum number of generation was 100.
The GWO algorithm operated with population of 50 wolves. The exploration and
exploitation constants A and C were chosen randomly for every wolf movement. The
A was chosen from range [0.3, 1]; C was chosen from range [0.6, 1]. Algorithm stopped
after 40 iterations were reached.
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In the BBO, the population size was set to 35. The habitat modification probability
was 1 and the mutation probability was 0.6. The best 5 habitats were kept from one
generation to the next without change (elitism). The maximum number of generation
was set to 120.
The experiments were provided in the R environment. We used methods implemented in stats, forecast [19], rpart [47], kernlab [23], randomForest [28] pso [2], DEoptim [36], ABCoptim [53] and bbo [38] packages.

4.4

Results

Table 1 (base models) and

Table 2 (methods of model weighting) contains average daily MAPE prediction errors
for four selected types of power load change. Each type of concept drift pattern has
three experimental datasets. The values written in bold represent minimal prediction
errors for each of the test cases. In
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Table 2 the results of model weighting methods are presented. These values are the
averages of five executions of the experiments.
Average daily results (see Table 1 and

Table 2) show that biologically inspired algorithms achieved better prediction results than base models methods in every case except one (the second dataset in concept
drift of type 1), where the base model STL+ARIMA was more accurate than the best
weighting method (GA), but only by 0.11 %.
--- Table 1 ----- Table 2 --Fig. 3 shows the average prediction error of every base method and every weighting
method of all datasets. In average, all biologically inspired algorithms were better than
all base prediction models by 1.33 %. According to the results, we cannot say which
biologically inspired algorithm is better for weighting base models, because differences
in prediction errors among them are not significant.
--- Fig. 3 --Other important characteristics of biologically inspired algorithms is the number of required iterations needed for obtaining good results. In our experiments we set the best
found input parameters for each algorithm individually. The number of iteration was
set to 100 in all algorithms. During the experiment the best value of objective function
in each iteration was stored. In this test case the objective function was MAPE. The six
biologically inspired algorithms were tested on all concept drift patterns. Each experiment was executed 5 times. Fig. 4 presents the relationship between the number of
iterations and the average MAPE prediction error for each of the biologically inspired
algorithms.
The results show some similarities among algorithms. For example PSO and GWO
converge fast, but after a small number of iterations they stopped to converge. DE and
BBO converge also fast but they need more iterations than previous methods. On the
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other hand GA and converge slowly but gradually. ABC offers the best tradeoff between number of iterations and obtained results.
The differences in convergence and required number of iterations are caused by the
mechanisms of particular algorithms. The evolution-based algorithms use a strong survival mechanism to select the best individuals of population and iteratively converge to
solution. The bad individuals are rejected from population. The Swarm Intelligence
based algorithms seem to have an advantage over evolutionary based algorithms because they are able to share information among certain or all individuals in population.
The information about search space and existing solutions are used to improve position
of the individuals and accelerate the convergence to the optimal solution. The Ecology
inspired algorithms can be considered as extension of Swarm Intelligence based algorithms. They share information on intra and inter species level. In some cases the accuracy of these algorithms may be better than accuracy of SI algorithms [43].
--- Fig. 4 --ABC and GA yield good results when compared to other tested algorithms during the
training phase, but their prediction error on test data is bigger or equal to the prediction
errors of other tested algorithms which indicates overtraining. It should be noted that
all algorithms exhibit small overtraining. It is caused by the fact that algorithms calculate optimal weights for one day ahead prediction based on set of base models. Incoming concept drift increases the prediction error of base models which is transmitted to
ensemble before biologically inspired algorithms calculate new appropriate model
weights. The difference between the prediction errors of training and testing cases is
about 0.9-1.8% depending on the used algorithm.

We also tested various scenarios with different values of movement, selection, mutation and communication variables used to modify individuals’ behavior with the aim
to balance the exploration and exploitation, avoiding to fall to local minima. Tested
scenarios affected mainly the prediction error, not the convergence speed or the shape
of the convergence line.
--- Fig. 5 --The results show that the Swarm Intelligence based algorithms outperformed evolution
and Ecology based algorithms. The best results were obtained by PSO. It is 2.5 times
faster than the second best algorithm in the experiment. ABC and GWO achieved similar results. Compared to PSO, both algorithms contain more information sharing and
interactions among individuals in the population, which increases the algorithm execution time.
Evolution-based algorithms DE and GA needed approximately four times more time
to calculate the solution comparing to the best algorithm in the experiment. Because
Evolution-based algorithms do not use any additional information about search space
or best solutions found so far, and use only selection, mutation and crossover operations, they need more time to converge to the optimal solution.
BBO needed the most time to find the optimal solution. In general Ecology inspired
algorithms are computational and memory expensive because of big amount of intraspecies interaction as well as inter-species information sharing.

5

Conclusion

The presented paper describes the results in the area of exploring new ways of predictive base models weighting in ensemble learning. Our goal was to minimize the error
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of the proposed prediction model. The main concern was to examine the behavior of
biologically inspired algorithms as weighting methods in their ability to react to concept
drifts and to find out the most suitable algorithm for data where sudden or gradual
changes occur. We identified four concept drift patterns and investigated which type of
weighting fits best to each particular pattern. During the evaluation we have considered
various types of concept drift and explored how the precision of the predictive model
is affected by individual methods (i.e. swarm intelligence, evolution and ecology inspired algorithms). The evaluation showed that the ensemble model performed better
than its base models individually. The BI algorithms provided very similar accuracy
but manifested different convergence properties. The best results were achieved by the
weighting computed by the PSO algorithm, which converged to the solution faster than
the other five algorithms. In power demand forecasting the accuracy is essential but the
timely prediction is also of great significance. Our experiments, similar to the works
[49] and [15], proved that PSO can be very successfully employed to solve various
complex problems.
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Table 1. Average daily MAPE (%) of base prediction models (regression based model, time
series analysis models and AI based models). Each type of concept drift pattern has 3
experimental datasets.

type

1

2

3

4

STL
STL+HW
+ARIMA +ANN+MLR

MLR

RW

MA

ANN

SVR

RF

5.768

4.179

3.991

4.358

5.899

4.633

6.171

5.769

5.941

5.221

4.231

4.915

7.092

9.201

6.072

5.843

3.825

4.146

4.006

3.858

6.703

4.416

3.951

3.826

4.296

4.494

4.828

4.592

4.367

4.973

3.972

4.289

5.152

4.701

5.132

4.584

4.586

4.849

5.511

5.154

8.091

5.686

6.198

6.007

5.581

6.400

8.476

8.097

4.846

3.764

3.963

3.688

3.776

3.876

4.865

4.845

7.046

5.899

5.860

6.129

9.919

5.847

7.257

7.049

7.875

5.744

6.087

6.097

7.696

13.315

8.118

7.357

6.076

5.034

5.315

4.908

4.784

5.157

6.203

6.072

6.032

5.227

4.803

5.076

7.224

11.035

6.228

5.900

8.646

8.712

10.585

8.963

12.759

13.364

8.502

10.969

Table 2. Average daily MAPE (%) of ensemble using different methods of model weighting
(swarm intelligence, evolution and ecology inspired methods). Each type of concept drift pattern
has 3 experimental datasets.

type

1

2

3

4

ABC

GWO

PSO

GA

DE

BBO

4.082

3.923

4.012

3.822

4.106

4.070

4.493

4.463

4.483

4.341

4.498

4.545

3.577

3.535

3.582

3.581

3.569

3.597

4.235

4.237

4.230

4.203

4.231

4.229

3.813

3.893

3.799

3.976

3.812

3.874

5.251

5.243

5.290

5.614

5.268

5.195

3.072

3.064

3.086

3.185

3.105

3.208

5.500

5.555

5.511

5.708

5.495

5.581

5.275

5.338

5.285

5.292

5.278

5.263

4.419

4.442

4.424

4.441

4.412

4.375

4.401

4.386

4.407

4.530

4.380

4.418

8.566

8.347

8.418

8.782

8.524

8.677
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Fig. 1. Schematic of ensemble learning.
Fig. 2. Examples of concept drift patterns.
Fig. 3. Average MAPE of base prediction methods and biologically inspired algorithms
of all datasets.
Fig. 4. Relationship between prediction error and number of iterations in various biologically inspired algorithms.
Fig. 5. Average runtime of BI algorithms.

Fig. 1. Schematic of ensemble learning.
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type 1

type 2

type 3

type 4

Fig. 2. Examples of concept drift patterns.

Fig. 3. Average MAPE of base prediction methods and biologically inspired algorithms of all
datasets.
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Fig. 4. Relationship between prediction error and number of iterations in various biologically
inspired algorithms.

Fig. 5. Average runtime of BI algorithms.
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