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Abstract - In recent times, there has been a growing
penetration of wind power in electrical grids globally. On
one hand, this has led to the reduction in the cost of unit
power while on the other hand brought about the
challenge of ensuring grid reliability in cases where the
penetration of wind power is high. This is brought about
by the high intermittency and limited predictability of
wind power hence making it a non-dispatchable resource,
unlike conventional power sources. As a result of this,
there has been a parallel growth in the research around
wind speed and wind power forecasting techniques to
ensure that the maximum benefits of wind power are
realized at the cheapest cost possible. Neural networks
have been at the core of this research owing to their ability
to learn, versatility in handling time-series data, and their
strength in establishing non-linear relationships between
input and output datasets. In this paper, a hybrid
Adaptive Neuro-Fuzzy Inference System (ANFIS) is
enhanced using previous hour wind power and wind speed
data to improve its accuracy in short-term wind
forecasting.

Keywords: Wind Power Prediction, Short Term Wind

Forecasting, Neural Networks.
I. INTRODUCTION

One of the greatest challenges in present-day electrical
grids is ensuring that generation is sustainable and that the
generated power is not only environmentally friendly but also
affordable and socially accepted [1]. The goal of reducing
dependency on fossil fuels which are limited resources in
nature has seen a paradigm shift from fossil-powered
generators to the incorporation of renewable in electrical
power generation. On top of the risk of getting depleted, fossil
fuels also emit greenhouse gases that harm the environment
leading to global warming effects that disrupt climate and
weather patterns.

The need to reduce our carbon footprint in the environment
has seen many power grids shift from fossil fuel-based sources
of energy to cleaner options of energy. This, along with the
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need to ensure sustainable continuity of supply to meet the
growing global demand for electrical energy, has led to the
inclusion of more renewables in the power systems energy
mix. Wind and solar energy are among the renewables that
have attracted the greatest interest in power systems since they
occur freely in nature and can be harnessed anywhere around
the globe. However, the high intermittency and limited
predictability of wind pose a technological challenge when it
comes to incorporating wind power into the grid.

Wind power is only available when the wind is blowing
and the control of wind turbine output is wvery limited
compared with other conventional generators such as hydro
and steam generators. Due to the fluctuating wind power
injected into the power system, the operational reliability of
the grid cannot be guaranteed using the conventional methods
of determining the spinning reserve capacity. Extra spinning
reserves are required to accommodate wind power especially
in cases it is incorporated in bulk [2]. With improved
prediction algorithms, the reliability of the grid can be
guaranteed and the cost of extra reserve capacity to cater for
wind fluctuation reduced.

1.1 Renewables in Power Systems

Among some of the greatest challenges in electrical grids
is the incorporation of intermittent renewables in the energy
mix. Energy crisis, global warming, and depletion of fossil
fuels have seen the world lean towards renewables when it
comes to powering electrical grids globally. Renewables occur
freely in nature and are considered clean hence have become
among the most preferred sources of energy. Whilst
geothermal energy is limited to geographic locations lying
within volcanic regions, wind and solar energy are not limited
by geographic location. As of 2020, only 29 countries globally
were using geothermal energy for electricity generation while
wind and solar energy are practically found in all grids around
the world [3].

There has been a growing interest in wind and solar energy
technologies by scholars and a substantial growth in the
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capacities of power from the two renewables being
incorporated into the energy mix by power system operators.
Between the two renewables, wind poses the greatest
challenge when it comes to grid integration due to its high
intermittency and variability. Consequently, its reliability as
an autonomous source of energy is greatly reduced and has to
be consumed in a hybrid mix with other energy sources to
ensure power system reliability is sustained.

Wind power is highly dependent on weather, seasonal
changes, geographical topology, the direction of wind speed,
and even time of the day hence making it erratic to determine
[4]. Accurate forecasting methods and tools, therefore,
become a necessity for the successful integration of wind
power in electrical grids to ensure the most optimal decisions
are made when running the power system. A good forecasting
tool ensures that the maximum potential of wind energy is
achieved and helps determine, in advance, how much wind
energy shall be injected into the grid to allow the remaining
generation sources to fill up the deficit and meet the demand.

With the interconnection of electrical grids, it is easy to
manage the unpredictability of wind power. However, with the
growing penetration of wind power in the grids, it becomes
too expensive to sustain reserves to cater to the
unpredictability of this renewable source of energy. In
addition to this, isolated grids such as those on islands or mini-
grids also face a big challenge in ensuring that generation
follows demand more so where the renewables contribute to a
significant share of the demand. When there is low wind
power generation, other conventional sources of energy are
engaged to meet the demand. When there is a high wind
power generation, the conventional sources are reduced to
ensure that the advantages of this free intermittent resource are
enjoyed. For proper coordination of intermittent sources such
as wind power and other sources of generation in the grid,
there is the need for accurate prediction tools to allow for
accurate planning to ensure that demand is met and there is no
curtailment of wind power.

Wind power is playing a major role in modern-day power
systems. With the continued penetration of wind-powered
generation in electrical grids worldwide, the area of wind
power prediction has attracted the attention of researchers. The
world’s cumulative installed wind capacity has doubled every
3 years in the last decade [5]; an indicator of the growing
acceptance of this renewable technology. Wind is stochastic
and its behavior is a local phenomenon affected not only by
weather parameters such as temperature, pressure, and
humidity but also by the topology of the region in which it
blows. This makes it a difficult task to predict the amount of
wind power that is generated for a given horizon of interest.
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1.2 Wind Speed vs Wind Power Relationship

The wind power equation is derived from the equation for
kinetic energy (K.E) given by:
K.E = %mv2 (1)
Where: m is the mass of air
v is the velocity of wind given in m/s.

The mass of flowing air particles used to generate the
kinetic energy is a function of time since air is continuously
flowing and is given as:

= p(t)Av @)

Where: p(t) is the density of air inkg/m3.
A is the area swept by the wind turbine blades in m?2.

From equation (1), average electrical power (P,,) in Watts
developed by wind is given as:

1d
Poy =5£U2 3

Substituting equation (2) in (3) we have:

Pu =5 pAV.V?= 2 pAV? ()

The relationship between P,, and v is seen to be an
exponential relationship where for every change in v, P,
changes by a magnitude of v3.

The graph below illustrates the relationship between P,,
and v, as well as wind turbine operational limits, is as shown
in the figure below:

Power (kW)
A Rated output speed Cut-out speed

Y . 8

Rated output
power

Cut-in spee

35 14 25
Steady wind speed (m/s)

Figure 1: A Graph of Wind Power against Wind Speed

Not all available power can be extracted from the wind and
hence to get the realistic power P (Watts),B,, is multiplied
by a coefficient as shown in the equation below:
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pP= CPPa.v (5)

Where C, is the power coefficient or the coefficient of
performance. It has an upper limit referred to as the Betz Limit
equal to 0.593. Wind turbines cannot exceed an energy
conversion efficiency of more than 59.3% [5]. In practice, the
Betz limit is found to be lower than 0.593 and helps cater for
mechanical and electrical losses when converting wind speed
to wind power. The power coefficient value is obtained from
the manufacturer's data for a given wind turbine.

In [6], Asis Sarkar and D.Behera take the value of the
power coefficient to be 0.593 but introduce two other
multipliersto the wind power equation i.e. N, and N,which are
the generator efficiency and gearbox efficiency respectively.
These two constants cater for the electrical and mechanical
losses that occur during the conversion of energy; an indicator
to further confirm that not all energy from the wind can be
converted into electrical power.

The density of air is affected by the relative humidity of
the air, ambient temperature, and pressure of the air. Hence,
these weather parameters also have an indirect impact on the
amount of power that shall be produced by a given wind
turbine. These variables can therefore be used in research to
determine whether they help improve the wind power
forecasts for a given horizon of interest.

1.3 Wind Forecasting Timeframes

There are four forecast horizons when considering the
wind prediction problem as tabulated below [7]:

Table 1: Wind Speed/Power Forecast Timeframes

Forecast Horizon Prediction Ahead Applications
Duration
1 | Veryshortterm | Few seconds to 30 | Real-time grid
mins operation  decisions
and regulation,

market clearing, and
turbine control

2 | Short term 30 mins to 6 hours | Load dispatch
planning and load

intelligent decisions

3 | Medium Term 6 hours to 1 day Operational  security
in the electricity
market, online and
off-line  generating

decisions

4 | Long Term 1 day to 1 year Reserve requirements
determination,
maintenance
schedules, optimizing

the operating cost
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The boundaries of these timeframes are however bound to
different interpretations by different power system operators
based on the applications they intend to utilize them for.
Short-term planning could extend from 30 mins to 1 day and
medium-term categorized as 1 day to several days ahead.

1.4 Approaches to Wind Forecasting
There are four approaches to wind power prediction:

1. Persistence method - This method assumes that the power
in a future time shall be equal to the present measured
power. This method is simple and economical and no
external variables are needed to determine the output
power. However, the accuracy of this method quickly
deteriorated with an increase in the prediction horizon.

2. Physical approaches - This method used detailed physical
characterizations to come up with the wind farm power
model. It considers the numerical weather prediction data
and the physical topology of the location of the wind
farm. All these variables are then used in complex
mathematical models which are highly time-consuming to
determine wind speed. Using the manufacturer’s wind
power curve, the expected wind power can then be
determined from the forecast wind speed. This method
only relies on physical data and does not need to be
trained with any historical data. This method is
considered complex and one that requires a lot of
computational resources [7] and is best suited for medium
and long-term wind power prediction.

3. Statistical approach - These methods generally try to
determine the linear and non-linear relationships between
numerical weather prediction data and the corresponding
generated power. To establish these relationships the
model is trained using historical data. The model can
further be tuned by comparing the model prediction and
the online measured wind power. The model can then be
used to predict wind power for the next few hours.
Statistical methods can further be split into time series
and neural networks subclasses.

(@) Time series models

These models were proposed by Box-Jenkins and apply
historical data to come up with a mathematical model. The
general form of the model is described as:

X, = Zf:l PiXe—q T ay— Z?=1 6 a;; (€)
Where:

@; represents the autoregressive parameter
6, is the moving average parameter
a, is the white noise
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p is the order of autoregressive
q is the order moving average model
x, is the forecast wind power at time t

Equation (6) represents the Auto Regressive Moving
Average (ARMA) but if the value p is assumed to be equal to
zero, it shall represent the Moving Average (MA) model.
Statistical methods based on this approach perform well in
short-term wind power forecasting problems [7].

(b) Artificial Neural Networks (ANNS)

The ANN is the most commonly used method of wind
power prediction due to its ability to identify non-linear
relationships between input and output features presented to it.
The black-box approach of the ANN helps avoid the
complexity of the mechanics revolving around extraction and
conversion of the kinetic energy from the wind into electric
power.

The ANN maps random input vectors to their
corresponding outputs by determining hidden patterns and
relationships in historical data hence allowing the model to
learn how to predict future output values.

An ANN consists of an input layer, hidden layer(s), and an
output layer. It consists of processing units known as neurons
which are connected through some weighted connections. It is
the adjustment of the weights of these interconnections that we
refer to as training of the neural networks. For the wind power
prediction problem, since the desired output from the data is
known, the type of training for this case is supervised training.

The performance of the ANN is dependent on the quality
of the data used in training, the learning method used and the
weight connections between the input and output data. There
are more than 50 unique ANN variants in existence [7]. Some
of those that have been used in wind power prediction include
the Multilayer Perceptron (MLP), wavelet neural network
(WNN), Back Propagation Neural Network (BPNN), radial
basis function neural network (RBFNN), the convolutional
neural network (CNN), the long short term memory (LTSM)
among others.

4. Hybrid Approach - In the hybrid approach, combinations
of different forecasting methods are used. The aim is to
retain the best traits of one given method or approach and
improve the accuracy of the suggested hybridized model.

1.5 Related Work

Short term wind power forecasting is critical when it
comes to grid operation and management. An accurate short-
term forecast helps make decisions that ensure that grid
reliability is guaranteed and helps make informed decisions in
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market-based ancillary services [5]. Wind is stochastic and it
is also a localized phenomenon hence making predicting wind
power a complicated task.

Basaran Filik and Tansu Filik in [8] analyzed three
different models of predicting wind speed using ANNs. The
first model used historical wind speed as the input; the second
used historical wind speed and temperature as input while the
third had historical wind speed, temperature, and pressure as
inputs. Here, a two-layer feed-forward back propagation
neural network was used. The training method chosen was the
Levernberg-Marquardt due to its fast convergence times and
the transfer function used was the log sigmoid. The data used
had 20-second intervals and spans 30 days with the last 5 days
used as testing data. Wind was forecast for 30 hours and 90
hours lead times with the results of the three models tabulated
as below:

Table 2: RMSE and MAE performance for ANN Model in [8](A=30)

Lead time = 30 hours

Model# Prediction Variable(s) RMSE | MAE
1 Wind speed 0.6508 | 0.5046
2 Wind speed + temperature 0.6502 | 0.5040
3 Wind speed+ temperature+ | 0.6494 | 0.5032
pressure

Table 3: RMSE and MAE performance for ANN Model in [8](A=90)

Lead time = 90 hours

Model # Prediction Variable(s) RMSE | MAE

1 Wind speed 0.6940 | 0.5537

2 Wind speed + temperature 0.6903 | 0.5470

3 Wind speed+ temperature+ | 0.6759 | 0.5360
pressure

It was observed that using more weather parameters to
forecast the wind speed enhances the quality of the forecast by
reducing the forecast error. The 3™ model which had wind
speed, temperature, and pressure as the inputs had the lowest
RMSE and MAE in all cases. Also, as the lead time of the
forecast increases, the forecast error increases showing that
ANNSs are best suited for shorter-term forecasts.

Aubai Alkhatib et al in [9] note that researchers rely on
trial and error and some personal experience when it comes to
designing and sizing a neural network for a given problem or
dataset. Through trial and error, a feed-forward neural network
with two hidden layers was settled upon and back propagation
was used as the training algorithm. The versatility of the ANN
in time series problem solving was again noted when
compared with the older conventional methods. Anwen Zhu et
al in [10] used the CNN in wind power prediction. With a
dataset consisting of 35000 normalized data observations, the
CNN gave an MSE of 0.00076 and 0.00078 for a forecast
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period of 4 hours ahead (16 data observations). The ability of
neural networks to deal with large datasets was again
observed.

In [11], Tarlochan Kaur et al highlight that the Central
Electricity Regulatory Commission of India suggests that any
wind power forecast should be atleast 70% accurate for it to be
acceptable. Tarlochan et al use the ANN for wind speed
prediction. Historical wind speeds at timest, t + 20, and
t + 40 are used to predict wind speed for time ¢t + 60. Wind
direction, temperature and humidity are also used as inputs to
forecast the wind speed. After comparing 5 ANN models with
various hidden layers and input neurons, a model with one
hidden layer and 19 neurons in the hidden layer was realized
to be the best fit and returned an MSE of 1.13 on the testing
data.

G.J. Osorio et al in [12] use a hybrid model incorporating
wavelet transform, evolutionary particle swarm optimization,
and ANFIS to forecast wind speed for 3 hours ahead at 15-
minute intervals. The average MAPE was 3.75% with an
average error variance of 0.0013 and outperformed ARIMA
and Neural Network models. In [13] Ernesto Perez et al used
ANFIS for short-term wind speed prediction. The generalized
bell function was used in the model due to its flexibility and
the prediction horizon was 16hrs to 48 hours. MSE values
ranged from 1.568 to 1.633 and ANFIS was able to converge
faster and had better accuracy than the ANN. Yordanos Kassa
et al in [14] proposed an ANFIS model for short-term wind
power prediction. The model was compared with Back
Propagation Neural Network and Genetic Algorithm Neural
Network and showed superior performance above the other
two models with average MAPE values of 6.88%. The review
of previous works from various sources above serves to show
the importance of hybridization in the wind forecasting
problem to enhance performance. ANFIS being a hybrid
model can outperform ANNSs for all the evaluated works.

Il. PROPOSED MODEL

In this paper, an ANFIS model to forecast wind power is
proposed. The dataset contains hourly wind data observations
spanning six years. Observations from one calendar year
numbering 8760 points were used to predict the expected wind
power for 24 hours ahead.

Evaluation of the dataset used revealed that wind speed
and temperature had the best correlation with the wind power
output. The correlation of wind direction and pressure against
wind power was too low and did not add value to this
prediction model. To further enhance the robustness of the
suggested model, the previous hour wind speed and wind
power historical values were used as inputs to determine the
current wind power output with great results. The table below
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shows the correlation values between the selected input
variables and our target variable (wind power).

Table 4: Correlation Values between Input and Target Variables

Selected Input Variable Correlation (r) with Target
Output Variable
1 | Wind Speed (current) 0.9402
2 | Wind speed (previous hour) 0.8729
3 | Temperature (current) -0.2891
4 | Wind Power (previous 0.9161
hour)

These four variables were selected to be the input variables
to predict the current wind power output. The high correlation
between the previous hour wind power output and the present
wind power output goes a long way to confirm the suitability
of the idea behind the persistence model of short-term wind
forecasting.

The following steps were followed in determining the
wind power forecast:

a. Data acquisition and pre-processing.
Data standardization.
Statistical analysis of data to determine missing values
and identify outliers.

d. Design of the ANFIS model and training.

e. Testing and tuning of the model.

The block diagram of the proposed model is as below:

Input Data Variables: Wind
Speed (1), Wind Speed (t-1),
Wind P 1) and
Temperaturs(t)

Data-zet Standardization

Y
ANFIS (Prediction of fture | | Tuning of ANFIS
values) parameters
[ F Y
No
hJ - Yes
Calculation of RMEE | - Is error within
) tolerance?

h J
Display Predicted Wind Power |

Finish

Figure 1: Block Diagram of Proposed Model
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I111. RESULTS AND DISCUSSIONS

The following results were obtained after training and
testing the model to forecast wind power for a 24-hour
timeframe. The test scenarios are listed below:

Scenario 1: ANFIS model trained with wind speed (t)
Scenario 2: ANFIS model trained with wind speed (t) and
previous hour power (t-1)

Scenario 3: ANFIS model trained with wind speed (t), wind
speed (t-1), temperature (t), and wind power (t-1)

3.1 ANFIS model trained with wind speed (t)
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3.2 ANFIS model trained with wind speed (t) and previous
hour power (t-1)

Training Data

— Target
P
| — Ougut

Sample Index

Figure 5: Graph of Training Data Target vs Model Output
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Figure 7: Graph of Testing Data RMSE (Average RMSE=0.034794)
Figure 3: Graph of Testing Data Target vs Model Output
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Figure 4: Graph of Average RMSE (Average RMSE=0.032289) Figure 8: Graph of Training Data Target vs Model Output
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Figure 9: Graph of Testing Data Target vs Model Output
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Figure 10: Graph of Testing Data RMSE (Average RMSE=0.014064)

3.4 Comparison of the RMSE values for the three test
scenarios

Table 5: Comparison of Testing and Average RMSE Values for Three
Test Scenarios

Lead time = 24 hours
Model No. | Prediction Variable(s) used | Testing Average
RMSE RMSE
1 Wind speed (t) 0.032289 | 0.044188
Wind speed (t) + previous | 0.034794 | 0.038425
hour power (t-1)
3 Wind speed (t) +Wind | 0.014064 | 0.0155365
speed (t-1) + temperature (t)
previous hour power (t-1) +

From the results obtained above, it is clear that the
inclusion of previous hour values of the previous hour
variables helps enrich the wind power forecast. This proves
that the logic behind the persistence model that the next hour
forecast is assumed to be equal or close to the previous hour
forecast holds and helps improve the forecast accuracy of
ANFIS.

IV. CONCLUSION

Time series prediction continues to be a very viable
research area in power systems owing to the fact that most
power system signals are non-linear in nature. The accuracy of
wind power forecast models can further be improved by
seeking to find patterns in historical datasets that help better
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future predictions. In this paper, previous hour data on power
and wind speed proves very helpful in improving the accuracy
of ANFIS in power prediction and should be extended and
tested with other developed models and datasets.
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