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Abstract QE

<
In critical fields such as flight, agriculture, tourism, etc,‘q%asting
due to its effectiveness in human life to know what WiII nor

and events. Weather forecasts provide critical info eather conditions.
Actually, weather forecasting plays an important rolesin/our dalLIN y predicting what the
weather will be tomorrow and it is reflected in ide area plications in our life so, we
can prevent huge damages by forecastlnq@ ing of sl@or typhoons or get benefits

important issue

from the forecasting activities. The tempe warni important forecasts because

they are used to protect life and prop t04 the efficiency of operations. We
propose computer-based models fo fore(s%r based on temperature to predict the
daily temperature using two tec artlflc I netiral networks and fuzzy logic. The main
purpose from this study is to p dn‘feré ther forecasting models based on the two
techniques over different regi he de models show that the objectives of the study
were achieved successfu i aIIy, the Is have been tested and the results confirm that

capable to fokecast the daily temperatures.

the proposed model\
KeywordsQ@ g mo&ls, ther, neural networks, fuzzy logic
1. Introdu 6

Although there j %ys a hope for the future of what will happen for unpredictable
situations and ev@u anybody knows what will be in the future, for example, the weather

forecasts for xt day, the stock market forecasts for tomorrow, or the enrollments
forecast fo&%&xt year, such of these forecasts are called "time series forecasting”. Humans
are alw terested in oncoming events; they are important due to its effectiveness in

ence we can forecast tomorrow's events by using some prediction techniques

hu
.

casting methods may be classified into three types: judgmental forecasts, univariate
methods, and multivariate methods. Judgmental Forecasts based on subjective judgment,
intuition, and any other related information. In univariate methods, the forecasts depend only
on present and past values of the single series being forecasted. In Multivariate methods, the
forecasts of a given variable depend, at least partly, on values of one or more additional time
series variables.
There are two types of time series data:

ISSN: 1975-0080 IJMUE
Copyright © 2014 SERSC



International Journal of Multimedia and Ubiquitous Engineering
Vol. 9, No. 12 (2014)

1. Continuous time series: an observation is recorded at every instant of time, denoted
using observation x at time t, X (t).
2. Discrete time series: an observation is recorded at regularly intervals, denoted using
observation xt.

A variable is a value or a number that changes in increased or decreased pattern over time.
There are two mainly categories of variables, independent variable and dependent variable.
The independent variable and dependent variable are differing in an experiment. The
independent variable is a variable that is varied or manipulated in the experiments by
researchers; it refers to what is the influence during the experiment. The dependent variable is
the variable that is simply measured by the researchers; it is the response that is measured.
The dependent variable responds to the independent variable. It is called dependent because it
depends on the independent variable. We cannot have a dependent variable without an
independent variable.

For example on such types of variables; we are interested in how tempe cts on
tourism rate. The independent variable would be the temperature and the de e varlable
would be the tourism rate. We can directly manipulate te rature levi easure how

those temperature levels affect tourism rate.
It is possible to forecast various kinds of data, an - serles s he changing of a
value in time. The value can be impacted by also o @ ctors y time. Time series
represents discrete historical values and from a contiferdus func can be obtained using
sampling.
There are four main components of any.t |es trend onal, cyclical, and irregular.
They are listed and explained in the follo
1. Trend move up or down in a predl@rorm s whether a particular related data
set have increased or decreasE period o . Trend is a long term movement in a

time series and a rate of _ch n a; eries. It can be shown as an upward or
downward tendency. A sim etection is taking averages over a certain

period of time.
2. Seasonal often nam seas a |t repeats over a certain period such as a day,
(]

week, month, y n, etca d they are defined as the repetitive and predictable
movement aro trend

3. Cyclical pwar nward movements around a given trend in a time series
(any regu ctuatlo I|c variations are not regular as seasonal variation. There are
different types of cycl varying in length and size.

4. Irregular do not nder any of the above three components, because it doesn’t
predictable. It jsicauSed by unlooked-for circumstances.

2. Reseak&-Problem

rm refers to the conditions of the air on the earth surface at a given place and
ti asting is the guessing in unknown situations and computing future forecasts from
p@ and past values. Prediction is fairly similar, but more general term than forecasting.
Both'can refer for guessing of time series [2]. We will use forecasting term specifically in this
study because we talk about a specific topic which is the weather. Weather forecasting is the
process of forecasting changes of the atmosphere, such as atmospheric pressure, precipitation,
temperature, wind speed and direction, humidity, etc.
In this study, also we are talking in particular about the temperature then we can say that
"it is the application of science and technology to predict the state of the temperatures for a
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future time and a given location" [3, 4]. Weather Forecasting is a typical problem in pattern
recognition field [5].

Weather forecasts provide important information about future weather conditions [6]. The
gathering of information is always the first step needed in weather forecasting. Actually
weather forecasting plays an important role in our daily life by predicting what the weather
will be tomorrow, also weather forecasting is reflected in a wide area of applications in our
life such as economy, tourism, agriculture, etc .So, we can prevent huge damages to occur by
forecasting the coming of storms or typhoons or get benefits from the forecasting operations
[7]. On the other hand the temperature warnings are important forecasts, because they are
used to save the whole life and properties, improve the efficiency of operations and by
humans to plan a wide range of daily activities [3, 8]. Therefore many of studies were carried
upon this field because of its importance.

The goodness of a weather forecast [9], consistency, quality and value. C nxe)t’y,
basically respect to the meteorologist. Quality respects to the match between fo%b and
observations. Value, is determined by economic benefits, it is interest to user@ se types
are related to each other. For instance, when an economi 77X:leon i n weather
forecasts, the relation between quality and value is deter by the“wsér and absolutely
depends on the type of problem [10].

The weather is a continuous, data-intensive, ensi amlc and chaotic
process, these properties addition to its challen re eno make the weather

forecasting to be considered a complex process 3].
Meteorological parameters such as temp are mp@ for agricultural, economic,
tions i st*often needed in these systems.

nce.e @

tourism systems, etc. Forecasting on future
Weather forecasts then become a great j

There are two mainly problems i eatherKJ ting system, the first problem is the
weather forecasts may be an uncer [14, 15 ncertainty of weather forecasts have a
direct impact on the uncertaiaty of the states [16], as result there is a need in
minimizing the uncertaintie @ using te approaches methods or models that may be

available to these syste

The second pro Qwhlch it\is con5|dered the main disadvantage of traditional
forecasting approa hat not deal with forecasting problems in which the
historical dataa sented by uistic values (e.g., hot, normal, cold). Some of systems
need large d , usi ited number of data set in such endeavors in such of these
systems will B flected ertainty. The need for accurate weather forecasting and from
other hand it can be linguistic variables is evident when we looking at the benefits
that it has [4]. The cy of weather forecasting is important in many sectors are largely

In this e propose a computer-based solution for weather forecasting based on
predict the next day temperature using artificial neural networks and fuzzy

lo . ,

f@mg models based in two techniques artificial neural networks(ANNSs) and Fuzzy logic
(FL)¥ These two models were developed into two different regions, Amman airport and
Taipei city / China.

The dangerous weather events caused thousands of deaths and loss of billions of U.S.
dollars each year all around the world. Any change in the climate may affect on many social,
economic and tourism activities, ranging from agriculture to transportation to water resource
management [17]. Because of weather’s importance and effects the decision makers have
grown to accredit on weather forecasts provided by the meteorological stations.
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Forecasting of weather conditions is the main service provided by the meteorological
community. Many governments and private agencies are working on its behavior but, it
considered a challenged and incomplete process [18]. So, weather forecasting has been one of
the most challenging problems on the worldwide, Not only because of its practical value in
meteorology, but it is also a typical “unbiased” time series forecasting problem in scientific
research fields [19, 20].

3. Literature Review
3.1. Neural Networks Techniques

There are many studies were done for weather forecasting based on artificial neural
networks. Neural networks are appropriate technique for forecasting time series b cause Jt
can be learned only from examples, without any need to add additional informati
bring more confusion than forecasting effects. Neural networks are able to gen ‘%Bnd are
resistant to noise. On the other hand, it is generally not possible to speub@\ what a
neural network learned and it is also hard to estimate possible %castm

Forecasting of time series using neural network consi teaching¢thg” network with

historical data in a selected limited time and applyl 0 n to the future.
Data from past are provided to the inputs of neura n in Figure 1. We
then expect the future data from the produced data th erated network.

Several Kinds of neural networks can be for foregasting, such as Feed-Forward,

Back-Propagation, Radial Basis network n . In the f this text we will focus on
the studies that were done on weather for: N ,

7T time windo:

LA

@
RS AN N
~’ time series
Q
Fle. Tea@g of Time Series Without Interventional Variables
A neural networ d algorithm for predicting the temperature has been presented using

Back Propagatio ural Network (BPN) technique [3]. This type of algorithms minimizes
convergen nd damps the oscillations. Back propagation neural network technique for
temperatu&asting can give a good results and it can be considered as a replacement to
traditio teorological methods, because of the used package supports different types of
traing @ learning algorithms and it can equitably approximate several functions, also the
a% to determine the nonlinear relationship that exists between the historical data
(temperature, wind speed, humidity, etc.,) supplied to the system during the training stage
and on that basis, make a forecasting of what the temperature would be in future.

Acrtificial neural network (ANN) models have been proposed by [21] in forecasting the
minimum temperature using the back propagation algorithm. The presented work was carried
out using a limited number of data. The proposed method has a number of restrictions: heavy
computational requirements, absence of ANN design approaches to define the values of the
learning coefficient n, and the momentum coefficient a and Lack of its availability in all sites
So, this requires additional neural network models to be build for different sites.
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A radial basis functions network (RBFN) was proposed which includes one year’s data
consisting of daily maximum and minimum temperature, and wind-speed for Vancouver,
British Columbia, Canada [6]. This works was done as a comparison between the
performance of three neural network models; radial basis function networks, multi-layered
perceptron (MLP) neural network and Elman recurrent neural network (ERNN). ERNN takes
more training time depending on the training data-sets size and the number of Parameters.
The conclusion, ERN could be an accuracy model, if good data selection strategies, training
paradigms, and network input and output representations are defined properly. RBFN yields
the best results, comparing with these models it more accuracy, requires less training time and
more reliable for the weather forecasting problem considered. Also the proposed RBFN
network can overcome numerous restrictions of the MLP and ERNN networks such as highly
nonlinear weight-update and slow-convergence ratio. Since the RBFN has_natural
unsupervised learning properties and modular network structure, making it a mo e?@i\’/e
alternative for weather forecasting. v

Neural-networks-based ensemble models were developed and applled for; weather
forecasting of southern Saskatchewan, Canada [11]. This work was d ompanson
between the proposed ensemble model performance Wlth Iayere cgptron network
(MLPN), Elman recurrent neural network (ERNN), rad% twork (RBFN),
Hopfield model (HFM) predictive models and rg tec he parameters of
temperature, wind speed and relative humidity are Wsed to traln\ st these models. With
each model makes forecasts for the next day fo Wlnter S ummer and fall seasons.
The performance and reliability of the m are eva by a number of statistical
measures. The empirical results show tha relatl s less accuracy and RBFN is
relatively has more efficiency for the ore oblem In comparison, the RBFN
model performed better than MLP ERN e the HFM model has the lowest
accuracy. In the conclusion, the\e ble of ura networks produced the most accurate
forecasts results.

A new architecture of ral netw \els has been proposed using the functional
graph. The weather fore % models wer carrled out using ENN, Functional Graph based
ENN, Opto- electron netwo and Functional graph based opto-electronic neural

network [22] Elec f eurw k (ENN) is a set of processing elements (neurons)

with a high deg interco ns (weights) between them. The results are compared
with two mo ical , they show that: (i) the performance of Functional Graph
based ENN |s er than

based opto- electromc

formance of ENN. (ii) The performance of Functional graph
etwork, is better than the performance of Opto-electronic neural
network. The fun
problem.

graph based neural network models are capable to solve X-OR
In Cair% C'Fy as*a study area, a comparison has been undertaken between three neural

networks tures with different training techniques, the popular multilayer perceptron
(MLP) e radial basis function network (RBF) and feed forward neural networks which
w d by differential evolution algorithm [12]. These techniques were evaluated to
f@ temperature and daily data- sets (i.e., maximum, minimum and average temperature)
of Cdiro city were used as training set. The obtained results show that the popular feed
forward neural network which trained by DE (Differential Evolution algorithm ) is most
accurate model to use as a temperature predicator especially in the uniform temperature
distribution (minimum or maximum temperature) which can be considered more effective
technique for temperature forecasting.

An application of neural networks for short-term temperature forecasting (STTF) Systems
for Kermanshah city, west of Iran was developed [4]. Multi-Layer Perceptron (MLP)
architecture of neural networks was applied to model the system. This system was trained and

Copyright © 2014 SERSC 347



International Journal of Multimedia and Ubiquitous Engineering
Vol. 9, No. 12 (2014)

tested using ten years (1996-2006) meteorological data to forecast one day ahead. The results
show that MLP network has the minimum forecasting error and can be considered a suitable
method to model the STTF systems.

An integrated back propagation based genetic algorithm technique to train artificial neural
networks was proposed [13]. The proposed technique is a combination of two techniques
together Back Propagation algorithm and genetic algorithm techniques. Three main weather
variables were chosen for forecasting (mean air temperature (°C), relative humidity (%) and
daily rainfall (mm)) in the Ludhiana city of Punjab (India) for the month of January
/2009.This combined technique can learn efficiently by combining the strengths of genetic
algorithm with back propagation. The empirical results show that the combined BP/GA
technique is more effective and suitable candidate for weather forecasting than the traditional
gradient based back propagation algorithm because the presented BP/GA techniqueyis mose
near to the target than the back propagation algorithm. e\/

u?%ather
ocessing

A proposed methodology was carried out using rainfall and tempe
parameters over the east coast of China [20], it is based on some necessary
technique and the dynamic weighted time-delay neural
type of dynamic neural networks, and it is a simplified versi
and an extension of TDNN. The results show that ne
and an arbitrary bounded and non-constant activa
weather.

The application of Artificial Neural Netw NN). eather forecasting using a

Photovoltaic system was implemented «to ast dail ather conditions based on
st
erg

numerous parameters; rain, cloudy, dry m . Multiple Multilayer Perceptron
(MMLP) was used and trained usmg (LM) algorithm as a comparison
between the performance of and sin LP network. Experimental results
demonstrate that the MMLP r%on&z ient m of performance than the traditional ANN
concept of selection an MLP withdgast n dden neurons.

Recurrent Fuzzy Neural /Metwork (R one of the most effective methods belonging
to machine learning 8] thor’s‘&e IS method for weather forecasting. Three weather

parameters mclude um te ature, minimum temperature, and rainfall spanning
from 1981 to 199 in bourn tralia. This work has two scenarios. The first scenario is
that the predjcteg e (pr depends on its values in the past, i.e., predictors are
maximum tture a %pomts (t-1), (t-2), (t-n). The second scenario is that the
predictand depends og‘ alues of parallel time series, i.e., predictors are maximum

temperature, minimu perature, and rainfall at time point (t-1). Empirical results after a
comparison with arios show that scenario 2 always more efficiency than scenario 1.

A solution to eather forecast problem based on artificial neural networks has been
proposed [ ediction system is built based on multilayer perceptron network trained with
back pro n algorithm; training samples consist of date information combined with
meteo&l data from the last three days gathered at the meteorological station in Miami,

results demonstrate that the average error is 5.72%, and the correlation ratio
be predicted and real changes is equal to 0.7136.

A model of support vector machine for temperature forecasting was proposed [25]. As a
comparison results in term of the performance of SVM with MLP for different orders, it have
shown that SVM better than MLP which trained with back propagation algorithm for all
orders. This model can be alternative approach to replace some of the neural network based
models for weather forecasting when the selection of the parameters is done properly.

Mean absolute error (MAE) is a measure for the performance. The authors in [26] focused
on developing ANN models with objective of reducing the mean absolute error (MAE). The
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developed models to forecast temperature at intervals from one to 12 hours ahead, for each
ANN model there is a network architecture and set of associated parameters, and each of
these models was simulated by training 30 networks and calculating the mean absolute error
(MAE).

3.2. Fuzzy Logic Techniques

A Temperature Prediction model has been proposed Using Fuzzy Time Series. The new
fuzzy time series model called the two-factor time-variant fuzzy time series model for
temperature forecasting [7]. Two algorithms for temperature prediction then proposed. Both
algorithms have the advantage of obtaining good forecasting results. The empirical results
show that the results of Algorithm-B* are better than the results of Algorithm-A and
Algorithm-B. These algorithms have advantages, both they can give good results. The time
complexities of the proposed algorithms are O (cwm), respectively, where ¢ is th %of
partitioned groups in the historical data, w is the window basis, and m is %er of
elements in the universe of discourse. @

A novel method was developed to forecast temperature esTaiw
(TAIFEX), based on the two-factor high-order fuzzy ti
real-valued time series is represented by a fuzzy set, , itis rWted by fuzzy sets
form a fuzzy time series. Therefore, the real-value erie rapstormed into a fuzzy
time series. The proposed method is an efficient in tefrof it has r forecasting accuracy
rate and it has a smaller mean square error than &@her met

s Exchange
ries [27]. ch value in a

O
3.3. Hybrid Techniques N @
N g
% algo@as been proposed to solve weather
{t

A rough set based fuzzy neural e%
forecasting problems [28]. T)QS@ rimental a are from World Meteorological
ithm

Organization. The least squar (LS. s used in the learning stage of fuzzy neural
network to obtain global convergence an gh sets method was introduced to determine

the numbers of rules and al weig ive attributes or parameters are considered, and
these attributes are RS, N\dew temperature, wind speed, temperature and visibility. The
authors have been K th m some city (Date: Jan 1, 2000—Jan 31, 2000) in
China. The result casting e proposed algorithm is that visibility is 10.4202 on Jan
7-2002. Ac ibili @ 10.624 on Jan 7-2002. The error rate is (10.624-
10.4202)/10.62471.918%

A Weather Forecasti ystem was presented using concept of Soft Computing i.e. a
neuro-fuzzy syste ed to predict meteorological position on the basis of measurements
by a weather s [18]. The authors considered atmospheric pressure a primary key

parameter atmospheric temperature and relative humidity secondary type. They examined
temperaturg recasts of weather conditions in some cases to observe the effect of
temperat

method was developed for temperature prediction and the TAIFEX forecasting
b% mixed techniques, fuzzy logical relationships and genetic algorithms [29]. The
me builds two-factors high-order fuzzy logical relationships based on the historical data
and uses genetic algorithms to control the length of each interval in the universe of discourse.
The experiments indicated that this method gets higher forecasting accuracy rates than the
methods presented in [7] for temperature forecasting. It also gets a higher forecasting
accuracy rate than the methods presented in [30] and [19] for forecasting the TAIFEX.
In another work, a combined method of two techniques was proposed for forecasting the
daily average temperature and the TAIFEX based on the automatic clustering techniques and
two-factor high-order fuzzy time series [1]. An automatic clustering algorithm was used to
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generate clustering-based intervals to make each interval in the universe of discourse have a
different length. From the empirical results, the proposed method gave higher forecasting
accuracy rates than the existing methods in [7, 27, 30-32].

4. Research Methodology

In this section, the methodology of the research would be discussed. The steps of the
methodology are: the awareness of the problem, suggestion, development, evaluation and
conclusion. Research methodology is more than just collections of method to perform a
research; it is a systematic way to solve the research problem [33]. The research methods
refer to the methods and techniques used by the researcher in performing the research, for
example data collection technigue, data processing techniques and instruments.

To develop this model, a methodology based on a general methodology in res
is used, because it has the logical phases that are used to develop this model [34,.3

ch gn

problem gives a picture of the problem and some ideas of blem s
may come from multiple sources and reading in a conpeétethdisCipli also provide the
chance to obtain the new findings. The output of ts is for a new research
effort.

The suggestion phase follows after the ness Qf lem phase and is closely
connected  with it. When the problem is pr recogni d understood, we may have

several candidate solutions. The output df\ su\- phase is tentative design. The

awareness of the problem, suggestion, development, evaluation§n(iconc

g
development phase is the implementatien of ive design. The implementation
techniques will be different dep on tr‘&;}n act to be created. The software
development and a high Ieve% or tgo%re equired to make an assumption in this
phase.

In the evaluation phase, the artifact i@d following to some of measurements, which
will be clearly discusse @e experimeqfal results section. The results from evaluation is
indicated the consiég@‘of fut ork and used as feedback to another round of the

nclusma is the last part of the design research methodology.
ined”in the effort have been learned and can be repeatedly

Suggestion phase.
The results ape

pekioWledge gai
; er res o@
4.1. Steps of the used%h

411 Awaren@the Problem Phase: The weather forecasting faced major problems;
weather forgcgsts dre subject to uncertainties. The uncertainties of weather forecasts have a
direct eff %he uncertainty of the system states. The traditional approaches cannot deal
with f mng problems in which the historical data are represented by linguistic values
(% ormal, cold). In this work we will overcome on this problem.

dology

X.2. Suggestion Phase: Firstly, we gathered the data sets from Jordan metrological
department for two years 2004/2005 include temperatures, precipitation, and humidity as a
parameters for weather forecasting system for the Amman airport models. For the Taipei
city/china models we gathered the data sets from [7], which include temperatures for June,
July, August, and September 1995/1996. The study suggests models for weather forecasting
to solve the above recognized problems. The output of this phase is a tentative design /
model. The design includes selecting and formulation of suitable architecture, selecting
suitable learning algorithms, and selecting the other suitable settings of the neural networks
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models to achieve the desired results. We treated with the fuzzy logic models with the same
approach by choosing the appropriate settings.

4.1.3 Development Phase: After designing the model, the research proceeds with the
development of the system prototype. The completed design will then be translated to a
program code using some of software. In our weather forecasting models we don't have a
graphical user interface but, we wrote the codes of the models using MatLab software, there
is no need for a graphical user interface to get the results. MatLab considered an excellent
environment for forecasting using artificial neural networks and fuzzy logic.

4.1.4 Evaluation and Conclusion Phase: The main purpose of conducting testing is to
minimize as little as possible the weather forecasting models from bugs and errors. In the
evaluation phase, the models were evaluated following to some of measurements, WWYII
be clearly discussed in the experimental results section. The results from e\?u n is
indicated the consideration of future work and used as a feedback. The con€lusien phase is
the last part of the design research methodology. The results and know, ned in the
effort have been learned and can be repeatedly applied to th@er reseaygh.

5. System Modeling O \>/
5.1. System Modelling \

To forecast the temperature for the next 2 S, or to the population of China for
one year ahead, etc., we need to constrd abstract.model that reflects the reality and
actuality of the real system. System mmﬁg can @ed as a conceptual framework to
describe a system and can be viewed a% stracsx

The abstracted model may e@i al or _mathematical. A mathematical model is a
mathematical that describes th\%iwor of ém. A mathematical modeling is the use of
mathematics to translate the syst intc% nguage of mathematics, this implies that a

I

mathematical modeling at ts to de?&&r and explain real-world phenomena. The real-
world term also im mathemrj%ica models are used in various fields including the

natural sciences, en g disci social sciences, etc.,

The develo a math ical model depends on the system's elements. Thus,
through mo opmentgThere is a need to optimize two things: simplicity of the model
and accurac he mo tually the accuracy is complementary to the simplicity. A
mathematical model describes system variables regardless of their types; real or
integer numbers, B strings, etc., System's variables reflect some characteristics of the
system such as ti ata, counters, and event occurrence.

Mathematigal ntedeling problems are often classified into white-box or black-box models
according much a priori information is available. In a black-box model there is no
prior info ion available, and a white-box model, all necessary information is available. To
maq model more accurate, we need to use more a priori information as possible.
in

neural networks (ANNSs) models are good for complex systems especially when
inpO&£ output patterns are in quantitative form, when the input and output information are not
in quantitative form, but in qualitative or fuzzy form, fuzzy models are good in these
situations. ANNs are considered an approach for black-box models, which need the input and
output data sets.

The system modeling is used to mimic the behavior of systems under different operating
conditions. This can be performed via experiments. But, sometimes it is difficult to do
experiments on real systems due to the reasons; the experiments may be costly, time
consuming, and a risk may be exist.
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Modeling has essential benefits in which we need them in certain situations; when a
system does not exist on the real world and we wants to develop a new system. Thus the
modeling process is helpful in knowing, prior to the development of the system on how the
system will work for different conditions and inputs. Modeling make us think deeply about
the structure of model before creating a physical model. Modeling gives us a well known idea
about a system through interaction with what we develop. Modeling improves system
performance by changing the system structure including inputs and environment conditions to
improve its performance. To have candidate solutions, modeling also allows us to find many
alternate solutions to improve system performance.

5.2. Modelling Approaches for Complex System

A complex system is a system that comprises a large number of interacted compenenfs.
The entire activity of complex system is nonlinear (the activity of the entire activi not
obtained from the summations of individual components) and typically exhi rarchical
self-organization under selective pressures. Mathematical m els0 are ageurate_and precise
systems, but the system complexity can be accessible onlyﬁertain @\/hen system’s
complexity increases, mathematical model developmer;Qg m&/ icult and time

consuming to simulate complex system models
Modeling using ANN approach is better in co on to atical models. From

related literatures that demonstrate it is necessar have accusate and sufficient training data
set in order to have a good ANN model. Act his is dlf n most real-world problem.
The real-world problems have qualltatlve tltatl v qualitative form is difficult to

fuzzy modeling.

Mathematical modeling techfi ccuracy and are appropriate when a
problem is less complex. Usi |s recommended to be employed in the
medium complex systems. Fuz zy odell ach is used in highly complex systems.

translate into quantitative form. Thus, @ only, roach for such situation which is
ave

5.3. Models Clas f@w

Models and m langu be classified in different ways in order to address
different as a syst e dlfferent models can serve several purposes. The
classificatio odels C seful for choosing the right type of model for the interested

purpose and intended s ystem models may be classified:

5.3.1 Physical
be represented ph

stract Models: The system modeling does not mean the model must
Ily to understand how it works, such as airplane model, car model, etc.,

Such of the dels are called physical models. Physical models are most easily understood.
An abstr del is a model in which represented via symbols, rather than physical
repres . The abstract model is more common but less understood and recognized. We
C a language or take a conceptual thought to constitute the abstract model, this is

ca e symbolism.

5.3.2 Mathematical vs. Descriptive Models: The mathematical model is represented via
the language of mathematical symbols and concepts. Hence, the mathematical model is a
special type of the abstract models. The simplest example of the mathematical model is the
distance = acceleration x time.
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5.3.3. Static vs. Dynamic Models: The distinct difference between static and dynamic
model of a system is that a dynamic model refers to runtime model of the system. Dynamic
modeling is used to represent a system over a time. Static modeling is used to represent a
system in which time simply plays no role.

5.3.4 Steady State vs. Transient Models: A steady state is representation of the state of a
system with time and in which the behavior is stable, the state in one time period is of the
same pattern as any other period. Transient behavior is a "one-time" phenomena, it is the
behavior of the system whereby the system response to changes during time.

5.3.5. Deterministic vs. Stochastic Models: The systems may contain probabilistic (i.e.,
random) components or not. A system model is called deterministic if it does not cofitin
probabilistic components. In deterministic model, the output is "determined™ in ad en
the set of input quantities and relationships in the model have been specified. systems
have at least some random input components; and these lead b‘[&ftochastlc Si on models

(i.e., queuing and inventory systems). In stochastic sim

itself random, and it's only an estimation of the actual cha stics of the i

5.3.6. Continuous vs. Discrete Models: Dlscr@;del is I in which the state
variables change only at a countable number oints in ti ite number of states). In
these points the events occur and lead chang @/Stem S ontlnuous model is a model
in which the state variables change in a con pattern a not in abrupt pattern from one

state to another (infinite number of states(b

6. Introduction to Fuz*
The fuzzy concept means the Vague ng the exact and clarity, which means the

values or boundaries can v ccordin ontext or conditions, instead of being fixed once
and for all. Actually,t has differéht semantics, but these can become clearer only
through further spedi g a closer definition of the context in which they are
operatlonallzed

The reas I0 ks like human reasoning, instead of the entire data to be
relying on cr e and onIy two values which may incomplete or ambiguous, Fuzzy
logic able to process t ion and to provide approximate solution.

A conditional fu position or rule has the form: IF w is Z THEN x is Y, This rule
should be interprgted: % is a member of Y to the degree that w is a member of Z, for example;
IF experience, is high THEN salary is high. The membership value of salary in the fuzzy set
high is spe&%&by the membership value of experience in the set high. Rules are usually
expressed @ form: IF variable is 'property’ THEN 'action’. For example:

o IF @ perature is very cold THEN turn on the heater.

% nperature is cold THEN slow down the heater.

temperature is normal THEN keep the level of the heater.

Practically, the fuzzy inference system can be described in the five steps:

1) Fuzzifying Input: Initially, once inputs are available, the degrees of the inputs to which
they belong to each of the appropriate fuzzy sets are determined via membership
functions.

2) Applying Fuzzy Operators: If the rule consists of multiple parts (antecedent), there are
need to apply logical operators to evaluate the degree of the strength for the rule.
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3) Applying the Implication Process: The implication is a process whereby the output
membership functions on the basis of the strength of the rule are shaped. The output is a
fuzzy set of the consequence, whereas the input for the implication process is a single
number given by the antecedent.

4) Aggregating All Outputs: Aggregation is unifying the outputs of each rule. The
aggregation is performed only once for each output variable. The output of the aggregation
process is a single fuzzy set which is the combination of a list of truncated output fuzzy
sets returned by the implication process for each rule.

5) Defuzzifying: Finally, the output of the defuzzification process is a crisp value whereas;
the input is the aggregated output fuzzy sets. Recently, many of various methods in
defuzzification process have been proposed by investigators including, the maximum, the
means of maxima, height, and modified height method, and the centroid.

V‘

7. Experimental Results CQQ
This section discussed the implemented weather forecastingmogdels usi echniques,
the artificial neural networks and fuzzy logic. The followi %e two segtigms show results
from the empirical. MATLAB software was used th eve%n? of models; it
considered an efficient environment for such forecastin he models were
implemented using neural networks technique in twe=k€gions, A n airport and Taipei /
China, and also the models were implement
regions. The followings demonstrate these,m
The VAF (Variance Accounted For) is
the model, by comparing the actual ou

percentage of the converge betwee
and y2 are matrices and the tw

ing fyz gic technique also in two

ith theiNQ ts in details.

ure, whigh is used to evaluate the quality of
th t @of the model. VAF represents the

ctual ou d the output of the model. When y1

ces "m@ua then the VAF is 100%. The VAF is

computed as follows. X
= (1—%) x100% (1)

Error calculation js measuge; 1t’can be used as a measure of error made by the
neural network an logi . MSE is one of the most commonly used functions
which are the su% n of ab ifference between the estimated values and the true
values divid numbepof samples n.

AE — Estimated value i — Actual value i|
> "
7.1Amman A@rt Models

This se %kﬁemonstrates the two implemented models that are established using data sets
rport (Figure 2) which is a region in the campus of Jordanian meteorological

. The entire data sets (2004, 2005) were divided into two parts, the first part (Jan-
004) for training, and the second part (Jan-Dec/ 2005) for testing. The models were
developed using two techniques, artificial neural networks (ANNS), and fuzzy logic (FL).
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7.1.1. Neural Network M Amm@@rt NN model was developed using one of the
most familiar of e twork ctures which is feed forward type with back-
propagation trai Q netwoa%nsists of one input layer, one hidden layer, and one
output layer, r er in &@a ement. The input layer consists of three neurons that
represent , rameters.as inputs for the network, daily mean temperature C° (t-1), total

daily prec on (t— ', and relative humidity % (t-1). The output of the model is

the daily mean Tem ﬁq e C° (t). The general structure of NN Amman airport model is
shown in Figure 3.

ean Temperature C° (t-1) — (

D
O,ki'. . ) —— NN Amman

pitation, Daily Total ‘mm’ (t-1) — Airport Model

% : Daily Relative Humidity % (t-1) —

Figure 3. Block Diagram for Amman Airport NN Model

— Daily Mean Temperature C° (t)

The output layer has one neuron that represents one desired parameter which is the daily
mean temperature °C (t-1). Through many experiments we find the efficient number of

neurons in  the hidden layer is 20 as shown in Table 1. Table 2 shows the number of layers
and neurons in the networks.
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Table 1. Number of Hidden Neurons of Amman Airport NN Model

No of Hidden Neurons Neurons VAF for VAF for Testing
Training
10 92.808 92.689
15 93.093 92.087
20 93.128 92.305
25 93.062 92.107
30 93.679 91.715

Table 2. The Layers and Neurons of Amman Airport NN Model

Number of layers = 3 Number of neurons ‘
One input layer Three neurons P v
One hidden layer Twenty n&eurons »
One output layer O(Wn’ < s
N I

ranges), after that, the data is descaled (re—tram@aed) tos iginal form. The FF neural
network was trained using Levenberg-Mar Back p ation algorithm, it updates

Before the training stage, the data were scaled inge bew.l to 0.9). Scaling of
data is useful and/or necessary under certain circumstarces (e.g., n values span different
&
weight and bias values according to L -M‘ q@t optimization and it is often the
olbo é&q

fastest back propagation algorithm in 4 shows the error difference was

calculated. @ X
- g o
AN ‘

N l

1TV by NLA A HMW.M,M.:
‘\Mw[l ‘/uv'v\,t,n'v’v\\u\‘vr‘/uw i

nﬁted Error

%

Figur;. Estim@;rror of Amman Airport NN Model / Training Case

Once the netw is=€fficiently trained, it able to produce a better result. Hence, in the
testing case the fgtWwork was tested using the second part of data (January to December /
2005). Fig shows the calculated difference error in the testing case.

Validation Error
10

|

5 © |
O ; 0 'n‘/\\AM ‘\ ﬁ‘l M ’N w 'PH\ ﬂ\[\\\\"w\ \‘M | “MA M\ I .‘\ ‘\ﬂ‘ i (“l‘l 1 ”’\“"‘ ﬁ‘ ‘)‘ i\‘ M”M
L AR [P ik Lk viﬁ%‘% it
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Figure 5. Estimated Error of Amman Airport NN Model / Testing Case
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NN convergence

5 10 15 20 25
Epochs

Figure 6. The Converegence of Amman Airport NN Model

The performance of the network was evaluated and the achieved results show that this
model  achieves better results. The Variance Accounted for (VAF) in the training case is
93.074, and the Mean Absolute Error = 1.436. In the testing case the VAF is 92. 48 and tbe
Mean Absolute Error = 1.462. Figure 6 shows the convergence of the network w cts
the ration of epochs to MSE.

7.1.2. Fuzzy Logic Model: In the fuzzy logic mode used F ox that is
available in MATLAB software. With the same inputs th howed usly in figure

10. The inputs for the network, daily mean temperature,C%, (1), total reC|p|tat|on (t-1),
'mm’, and relative humidity % (t-1). The output of odel is mean Temperature
C° (t). The general structure of the model is sho Flgure\\ he setting parameter,
consequent parameters, and cluster centers for t@model are@wn in Table 3, Table 4, and
Table 5 respectively. O

Daily Mean Temperature C° (t-l)@ ;
Precipitation, Daily Total ‘m (L

Daily Relativ@ity % (t-1)

Figz{ﬂ lock am for Amman Airport FL Model

— Daily Mean Temperature C° (t}
rt Model

@3. Par ‘ete Settings for Amman Airport FL Model

rameter Value
ber of Clusters 4
%uzziness Parameter 2
6\'Termination criterion 0.01
Type of antecedent 2

-
\ l M Type of Consequent 1

able 4. Consequent Parameters for Amman Airport FL Model

O Rule ul u2 u3 Offset
1 -851.10" -6.14 . 1071 -1.19.107 2.68. 10"

2 3.27.10% 6.69.10° 2.63.10" -1.84. 10"
3 3.99.10° 2.24 10" 6.73.1072 -7.26 . 10"
4 8.84 .10 -1.36 . 10° 1.91.10° 2.46 . 10°
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Table 5. Cluster Centers for Amman Airport FL Model

Rule ul u2 u3
1 8.38. 10° 4.09 .10° 9.04 . 10"
2 8.81.10° 9.75.10° 8.01. 10
3 1.39.10* 8.64.10" 5.41.10!
4 1.92.10" 4.44 .10 5.15. 10"

The results that obtained by using fuzzy logic model are shown in Figures 8 and 9 which
represents the error in estimated daily temperature for (2004). The Mean Absolute Error
(MAE) for the model in the training case = 1.4866, and in the testing case = 1.4862.

Error difference
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5
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On'v""W"nM."'“W.“M w‘\hﬂfﬁnﬁhﬂ LA I H\M \.m/‘ V
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\
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Figure 8. Estimated Error of Amman Air LModel /\Wlng Case
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Figure 9. Estlma Error of @1 Airport FL Model / Testing Case
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f

The Fuzzy logic mo r Amma alrport was generated from 365 data samples. It has 3
inputs and 1 output d is 1 s. The termination tolerance of the clustering
algorithm was ff the ran initial partition was generated with seed equal to -3. In

the followin

;es arE s@n.
Rules:

1. If ulis A;; and » and u3 is A3 Then
Y (k) =-8.51.10" .10%u2-1.19. 10" u3 + 2.68 . 10*
2. If ulis Ay al is Ay and u3 is Ay Then
Y (k) =3.2%, 10 ul™ 6.69 . 10° u2 + 2.63 . 10  u3 - 1.84 . 10*
3. If ulis Ay™amd u2 is As and u3 is Az Then
Y (k) =38 1u1+224 10t u2+6.73.10%u3 +7.26 . 10
4. If 1 and u2 is Agp and u3 is A43 Then

4.10 u1+1.36.10°u2 + 1.91. 103 u3 + 2.46 . 10°

7. Taipei \ China Models

This section demonstrates the two implemented models that are established using data sets
of Taipei city/china from [7]. The data sets that were used in these models are in the period of
June-Sep/ 1995 and June-Sep/ 1996. The entire data sets were divided into two parts, the first
part (June-Sep/ 1995) for training, and the second part (June-Sep/ 1996) for testing. The
models were developed using two techniques, artificial neural networks (ANNs), and fuzzy
logic (FL). Figure 10 shows inputs that were used in the two models.

£
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7.2.1. Neural Netw del: Tai hina NN model was developed using one of the
most familiar of tworkq%ﬂectures which is feed forward type with back-
propagation traini net ists of one input layer, one hidden layer, and one
output layer, %Vely in the afrangement. The input layer consists of four neurons that
represent fo fameters éuts for the network, June average daily temperature °C(t),
July average Waily temferature °C(t), August average daily temperature °C(t), and
September average ddily mperature C° (t-1). The output of the model is the September
average daily tempéra Ce ().

The output layer has one neuron that represents one desired parameter which is the daily
mean temp‘ﬂe °C (t-1). Through many experiments we find the efficient number of

neurons i idden layer is 10 as shown in Table 6. Table 7 shows the number of layers
and ne the networks
@ Table 6. Number of Hidden Neurons of Taipei NN Model
No of Hidden Neurons VAF for Training VAF for Testing
10 99.9859 98.2926
15 99.9997 95.2981
20 99.9981 92.5545
25 99.9917 93.6710
30 99.8713 81.5386
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Table 7. The Layers and Neurons of Taipei NN Model

Number of layers = 3 Number of neurons
One input layer Four neurons
One hidden layer Ten neurons
One output layer One neuron

Before the training stage, the data was scaled into a range between (0.1 to 0.9), and then
they were descaled (re-transformed) to the original form. The FF neural network was trained
using Levenberg-Marquardt back propagation algorithm, it updates weight and bias values
according to Levenberg-Marquardt optimization and it is often the fastest back pr%gn

S

algorithm in the toolbox. Figure 11 shows the actual and estimated temperatu gh
training case and the error difference was calculated as shown in Figure 12. V
: S ——_— <<,
. N O\
y NN N \/
. QN \\ /
% 5 10 Q N %
Figure 11. Actual and Estimated Te atur @f ipei NN Model / Training
se

‘ raini
\“ &
. -~ o
0.5 \
. A S _
ool NS hJ
o LN \
\\ 5 W D1asyS 20 25 30
Fi »Estimatedgrror of Taipei NN Model / Training Case

Once the ork is tly trained, it able to produce a better result. Hence, in the
testing case the netwo, tested using the second part of data (June to Sep / 1996). Figure
13 shows the calc@ fference error in the testing case.

t Figure 13. Estimated Error of Taipei NN Model / Testing Case
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Figure 14. The Converegence of Taipei NN Model

The performance of the network was evaluated and the achieved results show that this
model achieves better results. The Variance Accounted For (VAF) in the training case is
99.9859 and the Mean Absolute Error = 0.0013. In the testing case the VAF is 98. 26 and

the Mean Absolute Error = 0.0542. Figure 14 shows the convergence of the net

reflects the ration of epochs to MSE.

7.2.2 Fuzzy Logic Model:

average daily temperature C° (t). The setting p
centers for this model are shown in Table 8, Ta

In the fuzzy logic mod
available in MATLAB software. The inputs for the mo

°C(t), July average daily temperature °C(t), Augu
September average daily temperature C° (t-1). Th

|ch

AAA;Jsed F%%ox that is

averag y temperature

e daily rature °C(t), and
put of el is the September
mete conseq parameters, and cluster

and Ta

respectlvely.

Table 8. Paramete& gsf '@el FL Model

Para e x Value
Number @ﬁers N 3
Fuzziness Pafametern (o 2

Terminasibn criterign, N\ 0.01
Afype of antec N 1
of Conseq 1

: Conm Parameters for Taipei FL Model

7 Rule Sul

u2

u3

u4 Offset

4.69.10"
-3.43. 10"

&

-3.59. 107

-6.10. 107
-2.06.10"
-2.12.10°

2.72.101
2.93.10%
1.70.. 10°

432.10°
-2.64. 10"
5.18. 10"

1.33. 107
1.39.10°
-1.86. 10"

&10. Cluster Centers for Taipei FL Model

P Rule ul u2 u3 u4
2.72.10! 2.90. 10" 2.97 . 10" 2.75. 10"
2.84. 10! 2.90. 10! 2.81.10" 2.82.10¢
3.00. 10! 2.96.10" 2.91.10" 1.80.10*

O
N

Qults that obtained by using fuzzy logic model are shown in Figures 15, 16 and 17.

T
testing case = 0.7458.
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Figure 17. Estirrﬁé Errqr ipei FL Model / Testing Case
The Fuzzy logic mo Amma ;%mt was generated from 30 data samples. It has 4
inputs and 1 output amplin iod is 1 s. The termination tolerance of the clustering
algorithm was 0 he ran inttial partition was generated with seed equal to 8. In
the followmm are s
Rules: Q
1. If ulis Ay;; and 12 and u3 is Az Then
Y (k) =-3.59.107% 0 10Mu2-2.72.10"u3+1.33. 10" u4 + 4.32 . 10*

2. Ifulis A 2 is Ay and u3 is Ay,; Then
Y (K)=4.69. 10¢ U1 - 2.06 . 10" u2 +2.93. 10" u3 + 1.39. 10% u4 + 2.64 . 10*

3. If ulsf Az and u2 is Agp and u3 is Asz Then
Y (K) 3=3%3 10  ul - 2.12 . 10° u2 +1.70 . 10°u3 - 1.86 . 10 u4 +5.18 . 10*

% usion

have proposed novel models for weather forecasting using two techniques; artificial
neural networks and fuzzy logic. These models have been established on two different
regions, Amman airport and Taipei \ China. In the development of these models, feed forward
neural network is architecture of used neural network and it was trained using back
propagation algorithm. We evaluate the efficiency of weather forecasting models using two
measures; Variance Accounted For (VAF), and Mean Absolute Error (MAE). Experimental
results showed that the proposed models can forecast with more accurate results.
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