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Abstract

The sporadic and unstable nature of wind speed renders it very difficult to predict accurately to serve various decisions,
such as safety in the air traffic flow and reliable power generation system. In this study we assessed the autoregressive
integrated moving average (ARIMA) and artificial neural network (ANN) models on the wind speed time series problem.
Data on wind speed and minimum and maximum temperatures were evaluated. Wind speed was established to follow a
time series that fluctuated around ARIMA (0,1,1) and ARIMA (1,1,1). The optimal ANN model was established at 10 hid-
den neurons. The performance indices considered all indicated that the ANN wind speed model was superior to the
ARIMA model. Wind speed prediction accuracy can be improved to secure the safety of air traffic flow as well support
the implementation of a reliable and secure power generation system at the airport.
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I. Introduction

The sporadic and unstable nature of wind speed renders it
very difficult to predict accurately. Scarcity of information
and related studies about wind speed at Entebbe
International Airport is another key factor hindering sus-
tainable development at the airport. Accurate wind speed
forecasting would play a vital role in securing the safety
mandate of the Air Traffic Flow Management at the air-
port. The forecasting information is as well crucial to the
reliable and secure power generation system, especially at
airports in the developing countries. The lack of such
information could be the main reason why the airport suf-
fers from inept air traffic flow management as well as
delayed implementation of clean energy projects.

In statistics, many types of models are developed to
inform decisions in various disciplines, including the envi-
ronment. However, the general guidelines are often faced
with limitations in so far as they apply, thus requiring fur-
ther model investigation. In stochastic time series analysis,
models such as autoregressive integrated moving average
(ARIMA) and artificial neural networks (ANNs) have been
developed and are used to make predictions. Often times,
information criteria, such as the AIC (Akaike Information
Criterion) and the BIC (Bayesian Information Criterion),
are used to compare and select better models for use in
specific circumstances.' In this study, we evaluated the

two stochastic models to predict wind speed. The ANN
models”* and the ARIMA models™° are described in the
subsequent sections. As an application, the maximum wind
speed values for Entebbe International Airport were mod-
eled. In addition, wind speed prediction errors for the two
derived models were analyzed to further ascertain the relia-
bility of the prediction models.”®

The vicinity of Entebbe International Airport to a lake
renders it vulnerable to the dynamic weather phenomenon
caused by frequent changes in wind speed, wind compo-
nents, and evaporation at Lake Victoria.’ Usually, winds of
thermal origin blow from the lake during the day and land
winds occur at night. The onshore—offshore air temperature
gradient during the day is highest, and winds are generally
strongest, in the dry season. High evaporation experienced
at the lake is associated with south winds because wind
speed at the lake is generally highest from the south, partly

'School of Statistics and Planning, Makerere University, Uganda
2Kyambogo University, Uganda

3Sultan Qaboos University, Oman

*Al-Hussein Bin Talal University Maan, Jordan

Corresponding author:

Ronald Wesonga, Department of Mathematics and Statistics, Sultan
Qaboos University, PO Box 36, Al Khoud 123, Sultanate of Oman.
Email: wesonga@wesonga.com


https://doi.org/10.1177/0037549718788955
https://journals.sagepub.com/home/sim
http://crossmark.crossref.org/dialog/?doi=10.1177%2F0037549718788955&domain=pdf&date_stamp=2018-07-23

2 Simulation: Transactions of the Society for Modeling and Simulation International 00(0)

due to the southeast trade winds during the dry season.
Evaporation of the lake is influenced by the pattern of land
and lake winds.'® The winds at this airport are a source of
various weather patterns experienced at different times of
the day, including rainfall and visibility, a major parameter
that concerns air traffic flow management.

Data on wind speed recorded at Entebbe International
Airport were used to generate wind speed prevalence and
also test the models for their predictive efficacies. Wind
speed data explorations at a 10-day frequency over a rela-
tively long period of time were made to comprehend the
stable dynamics of wind speed over time. The study is
unique because other studies'''? did not explore such
methodologies, making this study the first to present sto-
chastic models while performing a comparative analysis
of decadal wind speed data at an international airport. This
study makes a contribution toward understanding the effi-
cacies of ARIMA and ANN models in time series analysis
and the general knowledge of the wind speed phenom-
enon.'>!'* The case of decadal wind speed data modeling,
like all other time series data analysis, provides precursors
of scenarios to planners and implementers of projects that
depend on wind, such as the requirement for wind energy
turbine repairs and maintenance activities. Furthermore,
wind energy generation, although known to require high
wind speeds at relatively smaller regular frequencies,
requires relatively longer periods to be studied for the
environment with which it interfaces, and hence an opti-
mal data frequency of a 10-day wind speed analysis and
modeling was preferred.

2. Materials and methods
2.1 Data

Daily aggregates of wind speed data were collected over
the period 19952008, generating a data matrix of 168
months, three decadal maximum wind speed measured in
miles per second. The data were reconstructed and classi-
fied according to the decadal in which they fell and, for
each decadal, the value of maximum wind speeds was
identified. In this study, a decadal refers to the measure-
ment of wind speed within a period of 10 days. On aver-
age, there are 30 days in a month, generating three decadal
data points in every month. Further description of the data
can be found in the work on multivariate imputations of
wind speed data.'®> The dataset is archived by Figshare, a
repository for research outputs, and accessible at the uni-
form resource locator 10.6084/m9.figshare.3804357.

Data reconstruction considered only maximum wind
speeds that were cogitated to be meaningfully relevant in
agitating for the wind energy generation project. We
assume Yjgos...Ya00s to be the years under study,
M;...Mj; to represent months within a year, and
Dy ...Dj; a sample space for days in a month. Possible

three decadal wind speed data are thus {Dig1—110,
D711-220, D321-331}. For each decadal, a maximum value
was determined, thus obtaining aggregated three maxi-
mum wind decadal values within a given month as
{mWD,mWD,,mWD;} obtained from{maxW (Di¢1-110),
max W(Dj11—120),maxW(Dyz1-131)}. The data structure
for the variable containing reconstructed maximum wind
speed values was of the order such that for a given year
and month, the maximum wind values for decadal one
were listed, then decadals two and three, respectively.

ANNs and the ARIMAS are known to assume inherent
self-prediction. However, from the theoretical underpin-
nings, wind speed is determined by temperature gradients
between two areas. Excitation of air particles ignites the
takeoff velocities of air molecules that subsequently move
at various speeds from high-temperature to low-
temperature areas, hence consideration of temperature. All
algorithms, modeling, and development in this study were
done using R statistical programming and MATLAB.
Specifically, the following R packages have been used in
the ARIMA and ANN model development and analysis;
library (“TTR”), library (“forecast’), library (‘‘neural-
net””), and library (“‘nnet”).'®!”

2.2 Autoregressive integrated moving average

We fit a time series model because of the nature of historic
wind speed data used so as to investigate and predict wind
speed series spaced at regular intervals of time. The
ARIMA model approach is important for studying the sta-
tistical structure of data.'® The approach also investigates
trends; seasonal patterns and periods; cycles; and the irre-
gular statistical fluctuations about overall wind speed
mean or trend.' ' The general expression for the ARIMA
(p, d, g) model can be written as follows:

AX}:C‘F(,OI)(,,]"‘
+ 01,1 + ...

+ 0 Xi (1)
+ 04e,4 + e

where o;,m;...w, are autoregressive parameters and
X1, Xi—1...X,—p are measured values at ¢,1 —1,¢t—2...
t — p, respectively; and a, is the uncorrelated error found
to be normally distributed with mean zero
[~N(n = 0,0 = 1)]. The equation represents both the
non-seasonal and seasonal parts of the model. The
ARIMA model was used to predict the mean values of
wind speed, and the predictions were compared with those
obtained from multilayer feed-forward ANNs.'” The auto-
correlation function characterizes the pattern of wind
speed persistence. The sample autocorrelation coefficients
were obtained using the following:

X - X)X+ — X)

t=1

S (X —X)

(2)
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where ry is the sample autocorrelation coefficient, & is the
time lag, X is the mean decadal wind speed, and # is the
total number of training data.'” The mean decadal wind
speed X was calculated from the following:

P v
n

3)

The autocorrelation function gives an indication about the
order of differencing for the model and can also be used to
best fit the wind speed data.

2.3 Artificial neural networks

ANNSs have been developed to mimic natural intelligence
from human beings.’>** They learn from examples by
constructing an input-output mapping without explicit
derivation of the model equation. Some of the prediction
advantages identified include their ability to do the follow-
ing: (1) offer computationally intelligent prediction sys-
tems; (2) present model free dynamics to predictions; (3)
be referred to as universal approximates because they offer
a larger number of classes of functions, a high degree of
accuracy, and incredibly generate reliable information
from data; (4) require no prior assumptions of the model
form in the model building process; and (5) use a network
model that is largely determined from the characteristics
of the data. ANNs have been applied broadly in fields
such as pattern classification, function approximation,
optimization, prediction, and automatic control, among
others. An ANN consists of many interconnected identical
simple processing units called neurons.>*>2> Each connec-
tion to a neuron has an adjustable weight factor associated
with it. Therefore, an internal activity level V; is obtained
when every neuron in the network sums its weighted inputs:

Vi= 2 Wik =W (4)
j=1

Variables in Equation (4) are described as follows: W —
the weight of the connection from input j to neuron #; Xj; —
the input signal number j to neuron i; and Wj— the
threshold associated with unit i. Here, the threshold is
treated as a normal weight with the input clamped at —1,
whereas the internal activity is dispatched through a non-
linear function () to produce the output of neuron ¥;:

Y, = o(Vi) (5)

To achieve the desired input—output relation of the net-
work, weights of the connections are adjusted during the
training process. Artificial networks come in many differ-
ent paradigms, some require topologies with total intercon-
nection among neurons and others require arrangements in
layers.® % A multilayer feed-forward network has its neu-
rons organized into layers with no feedback or lateral

connections. Layers of neurons other than the output layers
are referred to as hidden layers. Whereas the input signal
propagates through the network in a forward direction, on
a layer-by-layer basis, the back-propagation algorithm is a
supervised iterative training method for multilayer feed-
forward networks with sigmoidal nonlinear threshold units
that uses training data consisting of p input—output pairs of
vectors that characterize the problem.>’

The generalized least square algorithm can be used by
the back-propagation algorithm to minimize the mean
square difference between the real network output and the
desired output. Thus, the error function that the back-
propagation algorithm minimizes is the average of the
squared difference between the output of each neuron in
the output layer and the desired output.>** The error func-
tion is thus expressed as follows:

_ Zp Dok (Dpk B Opk)2

£ 2P (6)

where p is the index of the P training pair of vectors, & is
the index of elements in the output vector, D,y is the kth
element of the pth desired pattern vector, and O, is the kth
element of the output vector when pattern p is presented as
input to the network.

The error function £ can be minimized, resulting in an
updating rule that adjusts the weights of the connections
between neurons. The weight adjustment of the connection
between neuron i in layer j in layer m + 1 is expressed as
follows:

AW = md,0; (7)

where i is the index of units in layer m,n is the learning
rate, O is the output of unit 7 in the mth layer, and J; is the
delta error term back-propagated from the jth unit in layer
m + 1 and is defined by the following:

[D; — 0;]0;[1 — O/];if neuron j is in the output layer
% = Y1 -] zk: 8¢ Wy; if neuron j is in a hidden layer

(8)

where £ is the index of neurons in the layer (m + 2), ahead
of layer of neuron j. Thus, a small learning rate m leads to
a slow rate of convergence, while a large m leads to oscilla-
tion.”> To increase the rate of learning without oscillation,
a momentum term is included:

AWji(n + 1) = 0d0; + aAWj(n) ©)

where 7 is the iteration number and « is a positive constant
that determines the effect of past weight changes on the
current direction of movement in weight space. Therefore,
the application of the ANNs to wind time series prediction
takes the format as follows:
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Table I. Summary statistics of wind speed and minimum and maximum temperature (1995-2008).

Descriptive statistics Wind speed (m/s)

Minimum temperature
(degree Celsius)

Maximum temperature
(degree Celsius)

Number of decadals 504

Minimum 9.00
Maximum 48.00
Mean 17.52
P25 14.00
P50 15.50
P75 20.00
Standard deviation 5.49
Standard error of the mean 0.24
Skewness 1.79
Kurtosis 7.76

504 504
14.90 22.06
20.56 31.04
18.55 26.33
18.06 25.55
18.54 26.15
18.98 27.00

0.70 1.26
0.03 0.06
—0.03 0.54
4.0l 4.70

q p
Yo=Wo+ > WigWy+ Y WyYiy) +e  (10)
j=1 i=1

W;; and W; are model parameters (often called connec-
tion weights), pare inputs of wind speed, and ¢ are hidden
nodes. Activation functions are required more for the out-
put layer than the input layer. The main role of the input
layer neurons is to transfer inputs to the hidden layer,
hence they do not have the activation function.*® We note
that the most widely used functions for the output layer are
the linear functions, since nonlinear functions would intro-
duce distortions to the produced output.® Often times, the
following logistic functions are used as hidden layer trans-
fer functions. Logistic function of the following form:

1

ig(X)= ————— 11
S8 = T+ exp(-x)) (1

and the hyperbolic function of the following form:
tanh(x) = {1 =&P(=2Y)) (12)

(1 + exp(—2X))

We notice that Y, =f(Y,,1, Yo . Yy, W) + g;, where
W is a vector of all parameters and f(.) is determined by
the structure and connection weights of the neural network
resulting in a nonlinear AR(p).>>'"*

3. Results
3.1 Descriptive analysis

We compare results from the ARIMA and ANN models to
be able to identify a better model framework for statistical
analysis. Table 1 shows that the average wind speed at
Entebbe international airport is 17.52 = 0.48 m/s. The
wind speed has a positive skewness and flunctuates
between a minimum of 9 and 48 m/s. It should be noted
that windspeed, unlike minimum and maximum tempera-
ture data, had missingness completely at random. The

study employed the multivariate imputation method to
impute the missing data using MICE (multiple imputations
by chained equations), an R package based on the Markov
Chain Monte Carlo (MCMC) framework. "

Further, Figure 1 shows the time series plot of the deca-
dal wind speed for the period 1995-2008.

3.2 ARIMA model for wind speeds

ARIMA models for wind speed were derived using the R
statistical programming packages that constituted an expli-
cit statistical model for the irregular component of a time
series with an allowance for non-zero autocorrelations in
the irregular component. The modeling is defined for sta-
tionary time series. Thus, if one started off with a non-
stationary time series, the time series would require first to
be “differenced” until a stationary time series is obtained.
If the time series is differenced d times to obtain a station-
ary series, then an ARIMA (p, d, g) model would be deter-
mined, where d is the order of differencing used and p and
q are orders of auto-regression and moving averages
(MAs), respectively. Figure 2 shows the decadal wind
speed differenced three times.

The time series of first differences appeared to be more
stationary in mean and variance, as the level and variance
of the series appeared roughly constant over time. To con-
firm the order of differencing, we attempted to difference
the time series twice and thrice, with no significant differ-
ence from the wind time series differenced once
(Figure 2). Thus, given that we needed to difference the
original wind speed time series data d = 1 times in order
to obtain a stationary time series, it was implied that the
initial model for the wind speed was ARIMA (p, 1, ¢q),
where d = 1 order of differencing. By taking the time
series of first differences, we removed the trend compo-
nent of the time series of the decadal wind speed, and
were left with an irregular component. We then examined
whether there were correlations between successive terms
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of this irregular component; if so, this could have helped
us to make a predictive model for the wind speeds.

To find the most appropriate values of p and ¢ for an
ARIMA (p, 1, g) model, we then examined the correlo-
gram and partial correlogram of the stationary decadal
wind speed time series, as shown in Figure 3.

The best ARIMA model was identified by the elimina-
tion method based on the statistical tests including, among
others, those listed in Table 2.

After performing different evaluations of the models
for ARIMA (p, d, ¢q), the ARIMA (0, 1, 1) model (with p
=0,d=1, qg=1) was found to be the best model fit for
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Figure 3. Auto-correlograms and partial correlograms for wind speed. ACF: Autocorrelation function.

Table 2. Efficacy of the autoregressive integrated moving average (ARIMA) model for wind speed.

ARIMA (p, d, q) Variance Log-likelihood AIC p-value
ARIMA (1,1,1) 56.22 —1773.16 3451.18 2.2E-16
ARIMA (0,1,1) 55.42 —1723.18 3450.36 2.2E-16
ARIMA (1,1,0) 94.40 — 1854.01 3712.02 2.2E-16

AIC: Akaike Information Criterion.

the wind speed time series (Table 2). The value d = 1,
implies a non-stationary process; the level changes in
time, but the increase is constant. Thus, the level is non-
stationary, but its increments are. An ARIMA (0, 1, 1)
model was derived and takes the estimation form shown
as follows:

f’,—pu=Y,,1—(-)8[,1
?,=p,+Y,,1—68,,1

(13)
Estimates from the wind speed data revealed a coefficient
of the MA1 component to be —0.9751 with a standard
error of 0.0127. The other measures of the fitted model
were x> =3027,LL = 1572.89; 4IC = 3149.78;
BIC = 3158.22, all of which showed that the fitted
ARIMA model was the best given the wind speed in the
case study. Error measures too were examined with the
following results root mean square error (RMSE) = 5.496;
mean absolute error (MAE) = 4.039; mean absolute per-
centage error (MAPE) = 22.903.

The fitted ARIMA (0, 1, 1) model with a constant is often
referred to as simple exponential smoothing (SES) with
growth. Implementing the SES model as ARIMA permits
some flexibility, since the MA(1) coefficient is allowed to
be negative. Thus, when corresponding to a smoothing factor
larger than one in a SES model, which the SES model fitting
procedure may not allow, one has the option of including a
constant term in the ARIMA model as with our case, so as
to estimate an average non-zero trend. Fitting the wind speed
model, the results are as follows:

Y, =17.524 + Y,_; —0.975¢,_, (14)

Figure 4 shows graphical analyses of the standardized resi-
duals. The autocorrelation function of the residuals and the
p-values of a Portmanteau test for the lags all show that
the derived ARIMA (0, 1, 1) model is the best model for
wind speed. All p-values are closer to unity. The correlo-
gram shows that a negligible number of sample autocorre-
lations for lags 1-10 exceed the significance bounds and
the p-value for the Ljung—Box test is 0.003. Thus, we



Wesonga et al.

Standardized Residuals
-+
o4
=
T T T T T T T
1996 19808 2000 2002 2004 20086 2008
Tirres
ACF of Residuals
oy
=
by -
2 3
= i el e e el i = b et rlcanican | Al 1 et sl dari reas ki A
= g | Ty s o e,y YR T g, M TP P g respgy e e ey
T T T T
0.0 Dz 0.4 [+ X
Lag
P values for Ljiung-Box statistic
o
ol = " - o o o
= o
w & e
-
T =
(=8 (=]
] | A e I s R e i = e L e e - [ TITY  mrs —ie IR
= T T T T T
2 4 -] E- 10
lag

Figure 4. Plot of standardized residuals, their ACFs, and the p-values for Ljung—Box statistics. ACF: Autocorrelation function.

conclude that there is little evidence for non-zero autocor-
relations in the forecast errors at lags 1—10.

Subsequently, a plot of the original wind speed time
series for the period 19952008 with predicted wind speed
values for the period 20092018 was done on the same
graph. Visual inspection, besides the earlier technical evi-
dence, shows a good level of efficacy of the wind speed
prediction model developed. Figure 5 shows a prediction
with 95% confidence bounds for the point estimates of
wind speed.

To ascertain the accuracy of the ARIMA model, we
checked whether the forecast errors were normally distrib-
uted with mean zero and constant variance, by a graphical
analysis of a time plot for the forecast errors and a histo-
gram, as shown in the Figure 6. The plots confirm that
forecast errors are approximately normally distributed with
zero mean and constant variance.

3.3 Artificial neural network model for
decadal wind speed

Simulations were performed on a number of data samples
to achieve the most suitable ANN** that models maximum
decadal wind speed. Firstly, determination of covariates
yielded the following variables: maximum temperature;
minimum temperature; lags for maximum temperature;
lags for minimum temperature; and that for the maximum

decadal wind speed. Theoretical conception underpinned
temperature as the main driver of winds and, statistically,
the lag of wind speed itself as a force in enhancing wind
speed, as evidenced under ARIMA. A 10% sample of the
data was used to train the neural network using a feed-
forward perceptron with the back propagation and, subse-
quently, the neural network was used to predict wind
speed. Back propagation is known to use a gradient des-
cent approach to minimize output error in a feed-forward
network.>® Thus, the algorithm presented an input vector,
compared the network output to the desired output for that
vector, and updated each weight by an amount correspond-
ing to the derivative of the error with respect to that weight
times a learning rate, and adjusted by a ‘‘momentum”
factor.

Figure 7 shows five inputs consisting of the covariates
described earlier, five neurons in the hidden layer plus one
activation function that creates the inevitable bias within
the model to output predicted maximum wind speed. In
the neural network, the numbers show weights attached to
each movement from one node to another. Initially, all of
the weights are set to some small random values near zero.
The network training adjusts these weights using the back-
propagation algorithm so that the output generated by the
network matches the correct output.

Figure 8 presents the best evaluated ANN model with
AIC and BIC of 72.0054 and 224.0181, respectively, and
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Figure 5. Plot of the autoregressive integrated moving average (ARIMA), predictions at short and long term for the wind speed
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an error of 0.0024, achieved after 54,771 iterative steps, neural networks shows that the architecture of the ANN in
which were attained after about 58 seconds on an Intel the second figure yields relatively smaller error values and
Core 15 processor computer. Comparison between the two  their AIC and BIC are smaller. Its prediction power was
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Wind speed Against Time 1995 - 2008
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Figure 10. Plot of normalized original wind speed and the artificial neural network model prediction.

even better because of the smaller residuals, most of which
cancel at zero.

The ANN, like the ARIMA model, predicted an aver-
age wind maximum speed of approximately 17.524 m/s.
Figure 9 shows a plot of the original maximum wind series
and the predicted values. The model presupposes that no
matter the change in time and sometimes the large varia-
tions, the mean wind speed will approximately be the same
in our case study.

A question of whether there are variations between
standardized wind speeds was studied. As shown in

Figure 10, the variations over the period were not signifi-
cantly different from mean zero (0), but noises were
observed over the series.

Further simulations with MATLAB’s Neural Network
Toolbox using the Levenberg—Marquardt training algorithm
yielded optimal values at 10 hidden neurons and a delay of
2. The Neural Network Model training, validation, and test-
ing results are presented in Table 3. Smaller values of the
mean square error (MSE) are desirable because they indi-
cate non-significant deviations from the actual data, hence a
better model, while larger values of R (0.9) close to unity
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Table 3. Results based on the MATLAB Neural Network Toolbox.

Neural network phase Target values Mean square error R-value
Training 352 3.019e-8 0.9999
Validation 76 3.230e-8 0.9999
Testing 76 4.595e-8 0.9999

Table 4. Performance indices for the artificial neural network (ANN) and autoregressive integrated moving average (ARIMA) wind

speed models.

Stochastic model ME RMSE MAE MPE MAPE
ANN model 0.0025 0.0917 0.0380 —0.0008 0.1845
ARIMA model —0.2252 5.4963 4.0393 6.3597 22.9031

ME: mean error; RMSE: root mean square error; MAE: mean absolute error; MPE: mean percentage error; MAPE: mean absolute percentage error.

imply a strong positive correlation between the original
wind speed and that predicted by the derived neural net-
work model.

Forecast errors were examined to evaluate the perfor-
mance of the ANN and ARIMA prediction models using
performance indices, as shown in Table 4.

Table 4 shows a comparison of performance indices for
the ANN and ARIMA models using wind speed at an inter-
national airport. With the observed smaller values derived
from the errors of estimation, it is clear that the ANN fore-
cast model for the wind speed outperformed the ARIMA
model under all the performance indices considered. For
example, whereas the MAPE under the ANN model was
0.19%, it was 22.9% under the ARIMA model framework,
implying that the forecast inaccuracy was higher in the
later prediction model. A practical significance of these
results is that to provide more accurate predictions of the
usually intermittent and often-unstable characteristic of
wind speed, the ANN model framework would be more
useful than the ARIMA model framework.

4. Discussion

The ANN and ARIMA models were found to provide
competitive model frameworks for the prediction of deca-
dal wind speed. The ARIMA model was evaluated result-
ing in the ARIMA (0, 1, 1) model, implying a differencing
and MA of 1 and 1, respectively. The ANN model fitted
better with a single hidden layer of three neurons than one
with five neurons. Using the AIC and the BIC for ARIMA
and ANN model evaluations generated A/C = 3149.78;
BIC = 3158.22 and AIC = 72.01; BIC = 224.02, respec-
tively. Analysis of residuals for the ARIMA and ANN
models using mean residuals showed a considerable differ-
ence between ARIMA (0.2255) and ANN (0.0026), as
shown in Table 5.

Table 5. Descriptive statistics for residuals of prediction for
the artificial neural network (ANN) and autoregressive
integrated moving average (ARIMA) models.

Statistic ANN model ARIMA model
Mean wind speed 0.0026 0.2255
Standard error 0.0041 0.2449
Median —0.0063 —0.8764
Standard deviation 0.0916 5.4972
Sample variance 0.0084 30.2197
Kurtosis 79.2930 44184
Skewness 7.6514 1.6496
Range 1.3322 39.6758
Minimum —0.1658 — 8.8486
Maximum 1.1664 30.8272
Sum 1.3110 113.6454
Count 504 504
Confidence level (95%) 0.0080 04811

Furthermore, forecast errors were plotted. Figure 11
shows a plot of the histogram with an approximate normal
distribution curve bearing more clustering between fore-
cast errors for the ANN than the ARIMA model frame-
work, indicating further that the ANN model performed
considerably better than the ARIMA model*® due to a
lower bound exhibited on the error of estimation.

In this study, stochastic models have been explored to
predict wind speed time series data. ARIMA and ANN
models were developed and predictions derived for wind
speed data. Using a dataset of wind speed and related cov-
ariates for the period 19952008 at Entebbe International
Airport, the models’ efficacies were tested and evaluated
and predictions made. An assessment of model residuals
for both frameworks within the period of the study was
comprehensively done through simulations and AIC and
BIC computations were used to compare their efficiencies
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Figure I 1. Artificial neural network (ANN) and autoregressive integrated moving average (ARIMA) model residual plots.

and prediction performances. The ANN model was evalu-
ated using both linear and nonlinear conditions for the
given inputs with different numbers of neurons in the hid-
den layers to derive a model for the ANN.>">° The
ARIMA model was evaluated with different levels for p,
d, and g values to derive the best model for the given type
of data. However, due to the influence of sporadic wind
speed data in the case study, the ARIMA (p, d, ¢) model
simply reduced to a MA model framework.

5. Conclusions

Our study has shown that whereas wind speeds at Entebbe
International Airport are a key impediment to the smooth
flow of air traffic, they are also a great resource to the gen-
eration of power for the sustenance of clean energy at this
airport. The case of decadal wind speed data modeling
reveals a consistent and largely predictable high wind
speed phenomenon. The ANN framework delivered
smaller residuals, AIC, and BIC compared to the ARIMA
model framework. The performance, indices including the
MAE, MAPE, RMSE, mean error (ME), and mean per-
centage error (MPE), further confirmed the superiority of
the ANN model over the ARIMA model. The study adds
to the body of knowledge about the efficiency of models
in time series prediction. Additional improvements to the
ANN model are possible by accommodating fewer hidden
layers with more hidden nodes. The wind speed prediction
accuracy can be improved to secure the safety of air traffic
flow as well support the implementation of a reliable and
secure power generation system at the airport.
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