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Abstract— Several works in the literature so far have
been focused on deterministic point forecasts, which, usually,
indicates the conditional mean of future observations.
An increasing need for generating the entire conditional
distribution of future observations has been required for the
new generation of soft sensors. This study aims the probabilistic
forecasts, reporting the use of a hybrid fuzzy forecasting model
applied in two different forecasting problems. Our adapted
model is applied to predict the rain of the city of Vitoria, in
the state of Espı́rito Santo, Brazil. Real data from a wind farm,
provided by the Irish EirGrid institute, was used for analyzing
the proposal over a real time series with high fluctuations.
Due to the stochasticity of the the hybrid model, which is
calibrated through the use of an evolutionary metaheuristic, we
adapted it in order to generate future using quantile regression.
Computational experiments indicated the ability of the model
in finding useful probabilistic quantiles, which were flexible
enough in order to limit the lower and upper bounds of the
historical datasets. While the probabilistic quantiles suggested
the probability of rain and its magnitude, they were also able
to predict expected ranges of the amount of energy generated
from the wind farm.
Keywords: Rainfall Forecast, Wind Power Forecast,
Probabilistic Forecast, Soft Sensors, Hybrid Forecasting
Model and Metaheuristics.

I. INTRODUCTION

POPULATION growth and rising living standards have

boosted energy consumption in all sectors [1]. Along

aside this modern changing in the Energy Industry is the

moving for a new paradigm of energy distribution, known

as Smart Grid (SG). In this new electric grid environment,

a dynamic scenario fulfilled with uncertainties is reality.

Restructure those networks in order to meet the prosperous

increasing demand, while it also emerge the need for

reducing greenhouse gases and fossil fuel use and emissions,

is a huge challenge of the electrical industry of our time [2].
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This advancement in technology and information systems

have motivated the integration of Renewable Energy

Resources (RER), which is playing an important role in

the context of providing alternative energy. The potential

for RER is growing quickly and countries all over the

world are motivating the insertion of these new energy

resources [3], [4], [5], [6], [7]. Thus, it is expected that it

will, in principle, exponentially exceed the world’s energy

demand [8]. However, coordinate this RER and take profit

of it, in order to enhance the use of self-generated energy,

has been challenging researchers [9]. Given the inherent

uncertainties associated to these sources of energy, point

forecasts are being replaced by the use of entire conditional

distribution of future observations. Probabilistic forecasts has

been extensively investigated for different forecast problem

involving the new renewable energy resources introduced

over the SG, such as solar power forecasting in smart grids

[10].

Several works in the literature so far has been focused on

forecasting the deterministic point forecasts, which indicates

the conditional mean of future observations. An increasing

need for generating the entire conditional distribution of

future observations has been required for the new generation

of soft sensors.

This study aims the generation of multiple quantiles

covering the requested forecasting horizon of a given time

series, reporting the use of a hybrid forecasting model,

adapted from the work of Coelho et al. [11], applied in

two different forecasting problems. Rainfall forecast is of

paramount importance for various applications for water

resources management. However, the variability of rainfall

in space and time makes this prediction very difficult. This

is due to the fact that the amount of rainfall as well as

their distribution depend on many variables such as speed

and wind direction, pressure, and temperature. With the

phenomenon of El Niño [12], [13], slightly variations will

be expected over the course of the next year. Thus, the use

of flexible and smarter forecasting models, able to generalize

data from our given historical data, will be important for

understanding these new unseen informations. On the other

hand, we also focus on solving a challenge SG problem, the

wind power forecast [14]. An effective management of the

forthcoming renewable energy resources, such as the wind

power turbines, can be useful for coordinating and planning

energy storage [15], as well as enhancing self-generated

energy use [16].
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In special, we consider a historical rainfall dataset from the

city of Vitoria, located in the state of Espı́rito Santo, Brazil.

Meanwhile we handle with a real data from a wind farm,

provided by the Irish EirGrid institute [17], for analyzing

our proposed probabilistic forecasting framework. Results

from the hybrid metaheuristic method, based on fuzzy logic

concepts, are discussed and analyzed. Results from the

hybrid metaheuristic method, based on fuzzy logic concepts,

are discussed and analyzed considering the search for a

consensual set of parameters. The main contribution of this

current paper is to adapt a novel hybrid fuzzy model for

performing probabilistic forecast in two different time series

scenarios with high fluctuations.

The remainder of this paper is organized as follows.

Section II introduces brief literature review and the

importance of rainfall and wind power forecast. Section

III presents the adaptation proposed in this current work

for generating probabilistic quantiles from the hybrid

evolutionary forecasting model. Section IV presents the

computational experiments, and, finally, Section V draws the

final considerations and future work.

II. LITERATURE REVIEW

A. Rainfall forecast

Water is the most abundant natural resource on the

planet. Nearly ubiquitous way, it is in the daily lives of

seven billion people inhabiting the planet. However, it has

been experienced severe changes regarding its supply [18].

Currently the management of water resources is undergoing

a paradigm shift, which has a strong tradition in controlling

the environmental problems assisted by engineering based

technical solutions.

Risk management involving tools for predicting extreme

scenarios is of great importance due to the limits of current

implemented technologies, such as dams and reservoirs. In

this sense, the need of novel rainfall forecasting models has

been increasing in recent years [19]. It is noteworthy that

this topic can be carried out in a sustainable manner, based

on the trade-off between social, environmental and economic

interests.

Much of the need to forecast hydrological events are linked

to global warming and possible adverse effects to humans. A

study presented at the 2007 International Panel on Climate

Change pointed a variation in climate that occurs due to

increased carbon dioxide concentration, largely irreversible

for a thousand years after emissions stop [20]. Thus, it is

expected that extreme events, with higher fluctuations at its

time series, are likely to be more frequent in the future.

In special, rain is one of the most complex and difficult

elements of the hydrological cycle to be understood and

modeled. The complexity of atmospheric processes, the

effects of the solar rain (the current phenomenon of El Niño),

forms huge range of variation over a wide range of scales in

space and time [21]. French, Krajewski & Cuykendall [21]

felt this need of forecasting this complex time series and

developed a neural network model for rainfall forecasting

based on data from a space-time mathematical rainfall

simulation model. Gwangseob & Ana [22] emphasized that

rainfall forecasting is one of the biggest challenges of

operational hydrology, despite many advances in climate

predictions in recent decades. For these reasons, any attempt

to predict rainfall has impacts in urban safety, infrastructure

and preventing disasters due to flooding and unavailability of

water. Besides the economic impact, of course. Furthermore,

reliable forecasts can also be used in order for enhancing

energy efficiency in hydroelectric power plants. Nowadays, it

has been done using short-term [23] and long-term forecasts.

The latter has been done since the first dams were built,

but, it used to be done at hand by the technicians and

operators. With the increasing of novel storage devices,

researchers are also investigating the impact of these forecast

of pumped-hydro storage plants [24].

The proposal that forecasts should be expressed in

probabilistic terms, rather than deterministic, was argued

from the common sense and theoretical perspectives for

nearly a century. Even though most of the hydrological

forecasting operating systems produce deterministic

predictions [25], [26], most operational hydrology in

research has been devoted of finding the best estimation

rather than quantifying the predictive uncertainty [27].

B. Wind power forecast

Smart Grid (SG) is considered as the future of

power grid able to manage production, transmission and

electricity distribution. The task has been mainly done by

using Information and Communication Technologies (ICT),

Distributed Systems (DG) and Artificial Intelligence (AI).

Due to the need of consistently adapting and integrating new

tools to the current grid, SG has become a major challenge

for developed and developing nations in both research and

utilization aspects [4]. Investing in SG infrastructure is a key

enabler for public goods, such as decarbonisation and energy

security [28].

In this context, Zhang, Wang & Wang [14] emphasized

that probabilistic wind power forecasting is an efficient

tool for dealing with randomness and intermittence of wind

resources.

The randomness and intermittency of wind resources is the

biggest challenge for the integration of wind energy into the

power system. The development of accurate forecasting tools

for wind power generation is an efficient tool for dealing with

such problem. Conventional wind power generation forecasts

produce a single future value for each point, depending on a

value obtained from past data. However, in any prediction of

future values, uncertainty is always involved. Deterministic

forecasts define a single value forecast, as a probabilistic

forecast define a set of possible values. For decisions in

uncertain environments, the probabilistic prediction is a great

choice.

In the present state-of-the-art studies, wind power forecast

has been performed by probabilistic methods. The latter,

compared with other methods, obtains a greater range of

values for a given forecasting horizon, more robustness, for
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the soft sensors, than those using deterministic measurements

[14].

III. METHODOLOGY

The hybrid forecasting model proposed by Coelho et al.

[11] is now adapted for performing probabilistic forecasts.

Since the heuristic model is based on a fuzzy model

calibrated using a bio-inspired metaheuristic algorithm, the

proposal here is to take advantage of the stochasticity of the

proposed framework. By running the model several times, it

is naturally able to provide different forecasting models that

optimize different characteristics from a given time series.

Thus, the core of our idea is to train the hybrid fuzzy

model fm times. As mentioned, given the stochasticity

of this class of training models which uses metaheuristic

procedures, we can achieve different forecasting models

only by initializing the training phase with different random

seeds. In our current work, the fuzzy model is trained using

an algorithm known as GES, which combines the Greedy

Randomized Adaptive Search Procedures – GRASP [29] and

Evolution Strategies – ES [30]. Thus, our idea is to check if

different executions of the proposed framework can be used

ensemble in order to generate probabilistic quantiles.

From the set of different forecast models, predicted values

are sorted from the lowest to the highest values and,

then, quantiles are determined. In our didactic example, we

combine the different forecasting models by putting them

in order and extracting normal quantiles. As mentioned by

Adhikari [31], it is an effective and easy way of obtaining

a probabilistic distribution of the forecasts. Basically,

a quantile function is defined, which provides a given

probability in the probability distribution of a random

variable (in our examples, expected rainfall and wind power

generation).

In terms of the distribution function F , the quantile

function Q returns the value x such that it gives the

probability that the values can be above x, as described in

Eq. (1). Thus, it provides the value at which the probability

of the random variable being less than or equal to this value

is equal to the given probability p, provided by the quantiles

Qp. It is also known as the percent point function or inverse

cumulative distribution function.

FX(x) := Pr(X ≤ x) = p (1)

Here, we define quantiles Q = {1, ..., 99}. Theoretically,

the quantile Q0 is equal to −∞ and Q100 =∞, respectively,

the lower and upper bounds of any historical time series. In

our cases of study, the minimum expected values would be

0 for the the lower quantiles Q0, given that we know, surely,

that we have 0% of chance of having a rainfall or wind power

generation lower than 0mm or 0W, respectively. Following

the same reasoning, we could define better upper limits for

the quantile Q100, looking at the literature and following

historical values of the time series. However, in this current

paper, we will only focus on the ability of our proposal in

obtaining, automatically, the quantiles Q1 to Q99.

IV. COMPUTATIONAL EXPERIMENTS

The GES algorithm was implemented in C++ in the

framework OptFrame 2.0 1 [32], [33] using the same code

described in the work of Coelho et al. [11].

The tests were carried out on a OPTIPLEX 9010 Intel Core

i7-3770, 3.40 x 8 GHZ with 32GB of RAM, with operating

system Ubuntu 12.04.3 precise, and compiled by g++ 4.6.3,

using the Eclipse Kepler Release.

A. Historical datasets

The dataset used as didactic example for the wind power

turbine was obtained from the EirGrid Free Database. It

consists in intraday wind power generation (MW) for the

50 week period from November, 18th of 2013 to February,

18th of 2014 (2160 samples). All experiments used hourly

data. The obtained wind power generation time series can

be seen depicted in Figure 1, as well as its Autocorrelation

– ACF plot 2. As can be noticed, the ACF values decays

quickly and shows weak autocorrelation after or before one

week. A brief introduction about the current state-of-the-art

of the use of ACF can be checked in Hyndman [34].
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Fig. 1. Historical power generation from a wind turbine
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Fig. 2. Autocorrelation function of the power generated from the historical
data from the wind turbine

Real data from the city of Vitoria was extracted from the

Brazilian “Agência Nacional de Águas”, comprising different

years from 1926 to 2013. The maximum monthly rainfall

precipitation can be seen depicted in Figure 4, as well as its

1Available at http://sourceforge.net/projects/optframe/
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ACF plot 4. As can be verified, there is almost no correlation

between the maximum monthly rainfall, reinforcing the

difficulty of establishing useful inputs/lags for the forecasting

model.
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Fig. 3. Maximum rainfall in Vitoria (maximum month per mm)
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Fig. 4. Autocorrelation function of the monthly maximum rainfall in Vitoria

B. Obtained probabilistic forecasts

The batch of experiments for generating the probabilistic

forecasting model was composed of 500 executions of 240

seconds of training. The size of the validation set was set

to be 5 times the forecast horizon, thus, for a forecasting

horizon of 168 steps ahead (one-week ahead) of wind power

generation, 840 samples were used during the training set and

the consecutive 168 samples used for comparing the obtained

probabilistic forecasts.

In order to show the flexibility of the proposal, the same

parameters adopted in the work of Coelho et al. [11] were

kept here. Thus, as introduced in Section III, the model was

run tm = 500 times with different seeds, obtaining different

forecasting models.

Figure 5 shows a whole set of forecasts obtained for one

week ahead of wind power generation. On the other hand,

Figure 6 shows an example of probabilistic quantiles for a

forecasting horizon of one-week ahead, the thicker line shows

the real measured data.

A reasonable probabilistic approximation can be seen

comprised in the quantiles of Figure 6, fitting a reasonable

forecasting for one week ahead planning. Quantiles are

able to fit the maximum and minimum amount of energy

generated, as can be checked analyzing the upper (Q99)

and lower bound quantiles (Q1). A denser concentration

of quantile can be found in the middle section of the

probabilistic forecast, from the range of 650MW to 900MW.
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Fig. 5. Obtained hourly forecasts for one week ahead of wind power
generation
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Fig. 6. Probabilistic hourly forecasts for one week ahead of wind power
generation

For the rainfall forecasts, a first experiment focused on

obtaining one step ahead deterministic forecast. It was

initially done in order to check if the hybrid model could, at

least, generate visually viable forecasts. As can be verified

in Figure 7, the model was able to generate one-step ahead

forecast with a maximum error, of rainfall precipitation,

around 75 mm, considering a blind testing set of 24 months.

This fact motivated a new batch of experiment to check

larger forecasting horizons considering probabilistic, which,

implicitly, provide mean and variance forecast.

Figures 8 and 9 show two different probabilistic forecasts

for one and two years ahead forecasts, respectively, 12 and

24 steps ahead of maximum monthly rainfall. This kind

of forecast are handful and useful for decision making for

investments in infrastructure and understanding the risk for

the next years.

Figure 8 depicts specific quantiles, facilitating the

visualization and interpretation of the results, namely Q1,

Q25, Q50, Q75, Q99. As expected, the lower bound were

forecasted as 0mm for each month, a fact that occurs

in the absence of precipitation. The upper bound limited
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Fig. 7. One step ahead forecast for maximum monthly rainfall
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Fig. 8. One year ahead of maximum monthly rainfall for the city of Vitoria
in the year of 2013

the maximum raining below an approximated value of

150mm. The probabilistic distribution indicates that for the

next year (in the example, 2013), the maximum monthly

precipitation had an approximated probability of 75% to

70mm, considering the average of the 12 months. On the

hand, it has forecasted with 50% of chance that the rainfall

would be close to 50mm.

Finally, analyzing Figure 9, it can be seen that, even for

24 steps ahead, the proposed model was able to produce

forecasting quantiles that covered the real measured rainfall.
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Fig. 9. Two years ahead (24 steps ahead) of maximum monthly rainfall
for the city of Vitoria in the years of 2012 and 2013

V. CONCLUSIONS AND EXTENSIONS

In this paper, a novel hybrid fuzzy model was adapted in

order to generate probabilistic quantiles. Since the model is

calibrated through the use of metaheuristic procedures, the

training phase of the proposed methodology was executed

several times in order to achieve different forecasting models.

Two different forecasting problems, one for rainfall and

another for wind power generation forecast, both with high

fluctuation and slopes, were used as a didactic examples. The

obtained forecasts from the different models were sorted and

quantiles were determined. By analyzing the obtained graphs,

evidences pointed out that the model could provide useful

forecasts and assist decision making of the new generation

of soft/smart sensors.

Future works should focus on comparing the obtained

probabilistic functions with well-known indicators, such as

a Pinball Function [35]. This kind of comparison would

open an interesting field of research for comparing these

type of forecasts with the literature. An optimized set of

parameters from the metaheuristic algorithm could provide

better forecasts guided by the use of these probabilistic

quality indicators. The latter would assist the choice of

this tunning, providing a way of walking through the

solution space of better probabilistic approximations. As

future extensions for this work, it is also proposed to tackle

other forecasting problems from the energy sector, such as

long term load forecast, price forecasts and photovoltaic

energy generation.

ACKNOWLEDGMENT

The authors would like to thank Brazilian agency

CAPES, CNPq (grants 305506/2010-2, 552289/2011-6,

306694/2013-1 and 312276/2013-3) and FAPEMIG (grant

PPM CEX 497-13), for supporting the development of this

work.

REFERENCES

[1] L. Ekonomou, “Greek long-term energy consumption prediction using
artificial neural networks,” Energy, vol. 35, no. 2, pp. 512 – 517, 2010.

[2] A. Rogers, S. D. Ramchurn, and N. R. Jennings, “Delivering the
smart grid: Challenges for autonomous agents and multi-agent systems
research,” in Twenty-Sixth AAAI Conference on Artificial Intelligence
(AAAI-12), Toronto, CA, 2012, pp. 2166–2172.

[3] M. G. Pereira, C. F. Camacho, M. A. V. Freitas, and N. F. da Silva,
“The renewable energy market in brazil: Current status and potential,”
Renewable and Sustainable Energy Reviews, vol. 16, no. 6, pp. 3786
– 3802, 2012.

[4] C. T. Tugcu, I. Ozturk, and A. Aslan, “Renewable and non-renewable
energy consumption and economic growth relationship revisited:
Evidence from G7 countries,” Energy Economics, vol. 34, no. 6, pp.
1942 – 1950, 2012.
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