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CHAPTER II

LITERATURE REVIEW

2.0 Introduction

imperative in fulfilling the quality of serwc& [
&
The next section deals with the net ffidhand eca@ of WIMAX. It involves
‘o
the elucidation of why network tr Yvitgl4 Intai
users. Not just that, 1t also t% e nrl;} s@'network forecasting, which will

a high quality network to the
&
become a base for the &%ﬂl mlple ntati &

f forecasting from the respective
technological aspects. C\

In this research, 61 mé]

intelligent fs g exploits arti@al intelligence to actualize a prediction. Three

approac telllgent forecasting are delved into. They are artificial neural network, k

mO\bor, and fuzzy time series.
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2.1 Over view of WIMAX

Worldwide interoperability of Microwave Access (WiMAX) is a popular fast wireless

communication standard that is gaining unparalleled prevalence in the teWogical

N

world. It boasts a high data rate of making it highly suitable to the e pos 113Q) demand of

network users nowadays. However, it can be classified into IEEE 8 EEE 802.16c,

IEEE 802.16d, IEEE 802.16e, and lately IEEE 802.16m for mobiw::es.

NyUtiliZed for a number of

2009) or
-

main applications such as VoIP (Qureshi et al., 2011), gagdeo $tre
&,20(}7) or obiéonnectivity.
NV

\ Int@' users that rely

. A@ network and wide

Given its capacity to support impressive bandwidth, WiM

digital subscriber line, and portable broadband (Shen

This 1s rather compelling with the rapid inc% zf

heavily on the consistent availability of % connech)

coverage further support its quick atﬁjm as \Q?f hénost popular wireless

SEa
@f

During the last decade, smm%mve 4ine pb ty all over the world. In July of
J‘EJ '
th Usglover 65% of mobile subscribers in

technologies nowadays.

2013, over 50% of mobile

ﬂhe@%ercentages keep increasing (Heejune et

2 &

iénbhones and previous mobile phones are full-

South Korea are usin

yxm{,al'ation of new applications through modern OS
O

thro$ day, which poses a huge demand for mobile connectivity. The popularity
of cert pplications like Youtube (Chetty, et al., 2012) and Instagram are compounding
the strain on bandwidth demand when each involves considerably large data transfer to

work successfully. WIMAX provides a practical solution to this.
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The network architecture of WiIMAX (Iyer et al., 2007) can be presented via the network

reference model (Figure 2). It consists of MS (Mobile Station), BS (Base Station), ASN

GW (Access Service Network Gateway), CSN (Connectivity Service Netw?).and a

series of interfaces R1... R6 that connect distinct elements within the mod@particular

way. Understanding the architecture is crucial when it comes to analy% the flow of

traffic within the network 1n supporting its quality of service. Vz

Y.

Figure 2: WIMAX Network Architecturg yer et a., 20

Ay
| &

J‘

Home

CSN

R4
Another ASN
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Quality of Service (QoS) is basically a contract that ensures a particular degree of
performance is likely to be exhibited by a network (Anouari & Haqiq, 2012; Cicconett: et

al., 2006). Although there are exceptions that are not entirely avoidable, QoS ?bs that

the network will provide the stipulated quality level most of the tirnes are five

services offered in WIMAX (Table 2). In order to ensure that the Q(ﬁachleved, the

forecasting of network traffic must be addressed for all the Qs’;le topologies of

WIMAX. Y
Table 2: Quality of Service (QoS) for WgMA \d'
E‘EMF

Real time

Maximum susjaY ed
Fixed S1Z€ data | Minimu hout
Jitter tc@ S pression)

(Unsolicite

d Grant
Service)

Real time
Variable size
packet

rtPS
(Real Time
Polling

Service)

streaming

Real Time VoIP

Variable ata @
packet Jer
Extensig rt . :o . ?Eﬁ
1mr e rayic W
NO r - ’-n

Nay t eranf‘ f

2 " ole  silze data >

Im systeined rate
atency tolerance
Activity

ﬁny
Detection

Axdnum sustained rate HTTP
fiinmum reserved rate FTP

affic priority
Maximum sustained rate

Voice

Traffic priority
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2.2 Network Traffic Forecasting

Traffic forecasting plays an important role in design, management, and optimization of

modern telecommunication systems. Accurate and reliable forecasts @r the

planning of the capacity of a network to be on time while sustaining th uged level of

quality of service. Besides, the properties of network traffic direct Y&.\ence both the

capital costs of equipment and expected income of an operator

When communication occurs between entities in a network

te s\ans;rred between
them. The transfer of data impacts the distribution of d 1ty ithfh th Wo,@"ln other

words, certain parts of the network will experience a

them. On the other hand, there are portions @. ? @. This 1s what

amoyn of flata %wmg within

network traffic entails (Benson et al., 2010)

Network traffic signifies the concentraf} Q

D

- ntec@lthe encircling region. The degree of

w@m a network (Kalyankar,

2009). Let us assume that a networ fou.L\sﬁ‘l‘fbnetwork N1... N4 that are

connected to one another as s ;low ( 3) .@% subnetwork is associated with

mfﬂ'

S C

its own concentration of

for @ region. Darker colors imply higher

’ (j)
S
&) T
Figure 3: Varym@‘[work Traffic of Subnetworks

d
S

concentration 1s defi

concentration and

- L o YW e T o
. ;‘ .',,
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! - -:-+.'- 'a'l..,"r-.
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The analysis of network traffic (Djidjev et al., 2011) is vital to guarantee that the transfer
of data can proceed as expected. For instance, suppose data needs to be transported
between subnetwork N1 and N4 (Figure 4). This can transpire only if the suwark N2

participates in the communication. However, if subnetwork N2 is highlﬁsxested, the

Ky
T

Figure 4: Data Transfer between SubnetwonN

\%

data transfer can be delayed.

Data transfer delayed due

to congestion at N2

Network traffic @1 Q@gum‘d the performance of communication In

. N .
challenging ns such as thc\c,&le mentioned above. It allows data transfer to

materialiée best possible manner within a set of imposed constraints. This means
that @yen 1 subnetwork N2 is overly congested, a strategic resolution must be enforced
such that the delay (Kumar et al., 2010) does not exceed a certain agreed threshold. One
of the ways to perform analysis is via the usage of Principal Component Analysis (Wanga

et al., 2012), which examines various linkages in the network simultaneously.
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To illustrate the importance of network traffic with better clarity, consider the diagram

below (Figure 5). For the sake of simplicity, assume that each node is a station that relays

traffic and the edge between them denotes the traffic that occurred. As su

implies that traffic transpired between A and B with the flow moving ﬁon@ B.

Figure 5: Network Traffic (Wanga et al., ﬁv

From the diagram (Figure 6), g 1s R dlfﬁcyep t the central node for the network
: ? s
is node D. Unlike other noK . eyacts with all the other nodes within

for the rest of them. This also implies

the network. It become\h&o
#
4 suséptlble to congestion. If this node is rendered

uld coliqﬁ;
\C—,

19 {sec

that the central now)c?i
paralyzed, the 3wtwor{

>
5
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Figure 6: Network Traffic and Central Node

¥

\4

e | U C

v

The rationale implies that the traffic flow of the net%depe s'o\g@bility of
-

the aforementioned central node. In other words, for tr¥fic t * tw\e\)ﬂ'l'A and E, the

node D must be engaged. Each node has its c@
to the degree of traffic it can entertain. N , the cer

traffigAPOsing a constraint
strain among them. To recap, netw

nwill face the highest

A
S vhow much traffic flows

al in&&rmining the actual capacity

between endpoints 1n a collection 0& s. It 1

of the network when contruadqm the,;i
cast ' W

1 : :
c.V orec@{ng the network is crucial for these

N
sﬁing this at hand, the next step

would be to predict or fOK the

purposes: \& .~ N\
' | #

1. Optinin%%cv?rc;sl)?

' 4

The constructi a network 1s o&h a trade-off between the factor of cost and

S
performan \inen the limited resources that are available in any network, it is

impera maximize its configuration. This ensures that the stipulated quality of

service (Delannoy et al., 2009) can be met in the best possible way (Alarcon-AquinO &

Barria, 2006).



1R

2. Providing security

The flow of traffic 1n a network is potentially useful in detecting security breach. By

comparing the actual and predicted traffic, the detection of anomalous behav1 ang et

al., 2009) such as a spam attack is properly conducted. Proper col%easures for

Yw

3. Planning and maintenance V
+ ;re Frltical to ascertain

al. ;?2014; De

providing security can then be implemented.

In actuality, a network may not function as designed. It is

the scenario of traffic in advance to enable better pl

N
gy
Deus et al., 2014). For instance, forecasting allows t 1scernme to t{@eck before 1t
M N
occurs. Having this information at hand can ass1st th ct 0 ntion, N
Although the method of forecasting would te olo@:lependent (Hoong et

al., 2011; Oduro-Gyimah et al., 201 %logz%jn sar, 2014), the general

process (Papadopouli et al., 2005) W ially r

collection, analysis, modelm%gtmn v‘hh.cyop, finally, forecasting (Figure 7).
‘<.z

S tlriidme It consists of planning,

Forecasting begins with t Nmn sta ('(mopoulou et al., 2000). In this stage,

w }i’ @dxe is outlined. Certain core decisions like

g.-, y $(e{l, population for data collection are defined

clearly. Havmés per plan ensur t nothing essential is overlooked that may risk

the usabili % e forecasting in the end.
On@

thought plan is concocted, data collection (Ye, Szeto & Wong, 2012) can

a panoptic plan of the

the goal of the

commence. This involves the recording of actual data from a particular traffic source.

Data collection can be time consuming. Depending on the requirement of the plan,
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collection can span from a few months to more than a year. It is crucial to collect only the

data that 1s needed for forecasting since privacy can be an issue.

Analysis (Ekola et al., 2004; Kakuru, 2011) 1s one of the core processes \f gcasting.

The collected data 1s pre-processed and then analyzed according to the oda to be used
later. For instance, 1f Auto Regressive Integrated Moving Average T&’IA) is utilized,
the analysis would be oriented more towards a statistical staw-lowever, if other

approaches such as Artificial Neural Network (ANN) are p

ed, fhe analysis would

\d

% n rky od (De-Godoy—
\a 5.
ponehg that @'s forecasting to

patt@s gathered from the

be rather computational by nature.

After analysis, the modeling stage is impleme

Stenico & Ling, 2013; Laner et al., 2014) is th ital

happen. It must be able to dissect and e of tl

\ _\
analysis of data. Invariably, this involv x )1Q3 céﬁm forecasting equations
that can calculate the impact of certa et n t%o'rk traffic.

N
39& when the forecasting model i1s

Prediction (Gao et al,, 2012)@1}} ad;

avallable at hand. It sho% 1se t,@ havior of the network in terms of

N
traffic based froma s n t {saich as time and locality. The accuracy of
nIn fhe
KL/
executed, the Qlc ¥ traffic would

'S g

rtance of quality, validation (Barrow & Crone, 2013) is vital before the

7
mﬁ‘ s and modeling stage. If both are properly

bit minimal error.

mo ployed for actual forecasting. It is imperative that the model fulfills the
standard established. As such, the entire process is repeated until the validation stage 1s
successful. This entails comparing the quality of the prediction with the actual data

collected. A certain level of minimal quality is normally defined here, which serves as the
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benchmark for the forecasting procedure. If validation fails, amendment is employed at

the modeling part to improve the overall accuracy of forecasting.

Figure 7: General Process of Traffic Forecasting (Barrow & Crone,

@'

Planning
Collection
Analysis
Modeling

Prediction

Validation

Forecastgge
\ 4

Finally, forecasting (Bai1 et a,l.,%O) 1\&

oMl

ﬂj?@pe the model reaches the stipulated

contract of quality and \th “walidafion. ,@, it can be harnessed to forecast the

network traffic of 1cfar nﬁub en given the appropriate parameters.
N

Comparison bet@ foé%)?nd é\actual traffic data can still occur at this stage.

. . .
not imply reafmms or remodeling. In other words, the data and

However, t

model d%o through the entire procedure. Enhancement is achieved merely by

modMing 2ome of the modeling variables or factors.

The implementation of the aforementioned process is dependent upon the technology

employed. If the technology is statistically based, such as ARIMA, then the process

would focus mostly on the selection of the most appropriate statistical model for the
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prediction task. This can be a challenging task, given that there are abundant models to

choose from. In this aspect, the task is often performed manually.

On the other hand, the process of forecasting can also be done via aﬂiﬁci@geme.

Here, the most critical aspect 1s choosing the right method to conduct ghting. Each

of the process

method 1s unique 1n 1ts own way and will eventually decide thT

involved. For instance, artificial neural network models the worw he human brain.

In this sense 1t 1s highly autonomous but non-transparent. x,'l will not require as

es W1th1n the

much human intervention as its statistical counterpart.

forecasting process defined here will be done aut%y wighoy

supervision at the cost of increased opacity. hlS

h! n;‘ai of much
T

Nifficult for the

approach to explain the rationale behind a |

2.3 Statistical Forecasting

Auto-Regressive Integrated Movi

forecasting (Ghosh et al., 200% ic

ag1
Oduro-Gyimah et al., 20

godel 1S a statistical approach 1n

@5 Hyndman & Khandakar, 2008;

11

& . ‘-&176 Nihan & Holmesland, 1980) in time

pong et @14) This method is derived from the
Box Jenkins Method@B i
9,

zes’-t , es@'

series modeling. a
Y-v
mampulatmg rder of auto-reg@!/e differencing, and moving average part of the

model. ?
Gen@ne process of employing ARIMA consists of model selection, estimation, and

checking (Box et al., 1994). It is iterated in a cycle of which the outcome can eventually

to provide a prediction of future events by

result to several models, working on the same time series.
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2.4 Intelligent Forecasting

Intelligent forecasting (Nikolopoulos & Assimakopoulos, 2003; Valenzuela et al., 2008

Shen, 2010) marks the employment of artificial intelligence for the spec@ose of

forecasting. In this sense, it attempts to emulate a somewhat pseudo h@c approach

of predicting future outcome based on past ones. Reflecting upon Y&umans practice

forecasting allows i1t to be more flexible than its statistical counte

ud s fuzzy logic

, SUppoft ve Rme (Kim,
blj;ltve Thus each
\g @he context of

rop@% technology for the

There are numerous methods of intelligent forecastin

(Aksoy et al., 2014), genetic algorithm (Bas et al., 2

2003) etc. More often than not, intelligent forecasti

approach has its own strengths and wenhg'da?

application. It 1s therefore imperative to ct € mo st

task at hand. % &k
ﬂ "-'3'
Q-
For the purpose of this research, thr ' es &mtelhgent forecasting will be

N
considered. They are aﬂlﬁc@ net]ork A!Nﬁ nearest neighbor (KNN) and

f &
of A primarily adopted from the working

fuzzy time series (FTS). echa'u

NS
of the neuron in the ghltj@ptive to changing situational parameters
4

within the envu'o@iomrre A\&{ the process of KNN is more simplistic by
E‘ ' 4

4
es the nucggevent with the ones before, in terms of their
\

stance. Finally, FTS provides a more elastic representation of time and

corresp $
synth& ning for the tradltlonal time series.

nature, whlch
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2.4.1 Artificial Neural Network (ANN)

One of the most prominent technologies in artificial intelligence is the artificial neural

network (ANN). It 1s being used widely in diverse areas for varying apph{q s such as

prediction, classification, optimization (Betiku & Taiwo, 2015), clusts%and control

(Kumar et al,, 2014). Even though each application exploits t} a for different

purposes, ANN can be adjusted accordingly. As such, the str f ANN lies 1n its

ability to be adaptive in learning from many kinds of data

(ih intervention.

ii for d'lcaQ-purposes

f g discghe (\@lcewc et al.,
\re N

2014) by processing a range of multifarious % t 15 O d ﬁéﬁ’[he patient. The

versatility of ANN to accommodate this \hing Ep. S

popularity among researchers.

For instance, ANN shows impressive agility when dep
0

(Torbati et al., 2014), such as predicting the proba

utes to its constant

ﬂ

The most apparent drawback in ANM of visibility with regard to
N
J 11 )

explanation (Saad & Wunsc 7; Gr In other words, although ANN

iCular ﬁlem, it may not be as good when 1t

is superior 1n finding tthg)n tci

comes to explaining th&&gati®nale™ hy Q}ertam choice was made when compared

(a)

against the rest. T ing sén‘ce of confusion. Especially, when the output

be a lag
rele S N
suggested by ANNJOffends ¢ mﬁnon%nse or seemingly logical reasoning. Puzzling

S

recommen M however, does not necessarily imply falsity. It might still be correct but

Having the potential of being deployed on many applications, flexibility is a key factor in
artificial neural network. It offers two architectures to align itself with different domains.

The recurrent networks exploit cyclic processing while the feed forward network does

not. For the purpose of this research, emphasis is given more on the feed forward network
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(Sodhi & Chandra, 2014). Specifically, on the multilayer perceptron network, which is

generally comprised of three layers.

1. Input layer \i

The input layer receives the data to be processed by the network. Nod %1 layer do

not perform any kinds of modification on the data. Their main functi duplicate the

input to the complete multitude of nodes within the hidden layer. to this, the input

layer is often deemed inactive (Smith, 1997). It only z 1r:plication and the

diffusion of data between layers without any processing en mej t\d' e
‘\

4\ | O
2. Hidden layer _\

Data from the input layer is relayed to the hldd@.(hﬁal\t al. 4) for the actual

processing. A node in the input layer an e other €s | %e hidden layer are

el =

'fearnmg, the weights are

10 bet§

N
' @al network is not predefined. In

there is a greater need to improve

connected through a series of links

adjusted to better approximate the K ' the input and output. The

number of sublayers within t h1¥n~port no

principle however, the total sub-I e |

accuracy (Karsoliya, 20 \)&)w , ng so@uld leave the network more susceptible

to the problem of ﬁ%

coverage when E%
layer. \

&

Computdtion that occurs in the hidden layer is finally integrated within the output layer to
ascertain the result. The outcome from this layer must coincide with the expectation of

the external entity that is exploiting the neural network. In other words, the result

generated here by must be process able outside the neural network. This is crucial due to
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the simple fact that the reasoning within the neural network is considered a black box. It

is not computable beyond itself.

Mathematically, the artificial neural network relies on the extent of differ*iexhibited

by the mean square error (Rady, 2011) between the desired outpﬁ b‘ld the one

generated y. Amendment on the network is driven by the errol?da that the total

discrepancy that exists between expected and actual is minimizedN

Yu

CLV

*ion In learning is
desirah®Trait, it is
e
mS:g~
NV
&
&
Q et al., 2011) occurs

The extent of which the artificial neural network requi

defined as the learning paradigm. Although complete agtomaticity is

not always a viable agenda. Now, there are three main '
1. Unsupervised learning CV

Unsupervised learning (Chakraborty & CMort 20Q

e
2 ot given g g TR 46 ’
when the correct output 1s not given to uigMhetwprk gﬁng the process of training.
i
This implies that the neural network I‘wexp{égthe data and find the pattern
of relationship by itself. Paﬁ%Zd are ghen ﬂ sdd@n%ake the connection explicit.
2. Supervised learni&\

Compared to unsupe@"
the neural netwo% k ervige [
Y-v

set of correcnﬂhut given extemal]&}f—laving the targeted output encourages the neural

network t \ify itself to a specific behavior that reflects a consistent association

betwigen ty input and output.
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3. Hybrid
A hybrid learning paradigm (Teh & Tapan, 2008; Castelli & Trentin, 2014) practically
integrates both unsupervised and supervised learning. Certain portion of ?yeights

within the neural network is governed by unsupervised learning @(Jthers by

supervised learning. This can create some issues in congruence. As s&oordination 1S

extremely vital. i
To learn, the artificial neural network compares the gen x.ut;lut with the desired
10).

output (Tay et al., 2007; Abdul Hamid & Abdul Rahman; rence between

perf r l‘y_{&ucmg this

4
‘no\ cha@g the weights

the two 1is called the error. In this respect, le

discrepancy progressively. It is possible to mmumm

between the neurons 1n successive iterations @4 r throuth evolution rather
than revolution is important to ensure th the yti Qi accidentally bypassed.
Y RAS
C-)

Demonstrating the principle of in nta l l nin tﬂro@ weights updating requires

the use of a graph (Figure 8). Wlw h S@izatlon assume that the weights

h{s\ dﬁ&.pesult to the least error between the

Slg@ by the dotted line. Notice that the

O
a.E{?gam until they approach the best solution

are initialized at zero. The best yei

N
lq@mg rule works through error correction.
&
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Figure 8: Learning Rule Illustration (Kumar et al., 2014).

Weights

S

Time

N

@
T
The generic algorithm for learning (Rafiq et al., 20093 Shaban 25032.'}11 artificial
’ b §

neural network is given in Figure 8. It contains the w w@h 1s the hidden

1S Q@ftrasted against the

&Qhold of error E, then
A

the iteration begins.

ANN LEARNING ALGORITH
INPUT=1=1,... Iy
PATTERN =X = X;... X
OUTPUT =Y
GAIN=TII= (0, 1)
D= DESIRED
Y= GENE
E= ERR
Y =®ss {1, X)
WHILE (| D- Y | > E)

FOR EACH W (Xa, Xg), W (Xa, Xg) = W (Xa, Xp) + [1 (D -Y)
ENDFOR

ENDWHILE
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In each iteration, the weight of the connection W(X,, Xg) between a particular node X,

and Xp is updated by increasing it proportionately to the product of the gain IT and error

(D — Y). The value of the gain is normally defined in a small range to eTnhat the

process of error minimization would operate smoothly without any a§®odiﬁcation

(Liu et al., 2010). This emulates the biological nature of a neuron in adapting to changes

&

that transpires gradually through time.

2.4.2 K-Nearest Neighbor (KNN)

Human beings tend to learn from examples (Selbi@.

what is prevalent around them. When a person Vra nas

oy
e‘r t_@ to emulate

unsure of the

§ him. This form of
cﬁ t complex circumstances
h@nisr the vior to be acquired.

AQ’
rks@a rather similar fashion as the

O

% or iterate a complicated series of

right way to behave, he will direct his atte N th

learning is quite fluid. It allows learnipg to

without the need to understand the actu

Instance based learning (Zhen N 2 10)g

aforementioned 1illustration. ;t a)es
interconnection as an @l

possible set of mst s a?woig/@the best one based on certain criteria and

etw ould. Instead, it simply explores the

decides to follo utc onsté\ed by the selected mstance

r(KNN)lsa

K-neare
num:éstanccs k as the examples to follow from the rest that are present. This way,

transpire almost immediately as the examples are provided.

e of instance based learning. It actively elects a
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Given its mnate simplicity, KNN is used widely in various applications. For instance, in
computational linguistics it is employed to classify a document into its corresponding

genre (Guo et al., 2004). In medicine, it is utilized to analyze medical imaging pgai et

al., 2013) as well as to diagnose patients with heart disease (Shoum wi., 2012).

Finally for engineering, KNN can be used to monitor road networks (C* et al., 2010).

Once the nearest neighbors are known, the algorithm proceedsdc;ng the majority

class of the data involved (Jiang et al., 2012). For instanc suRosed that k = 3 and X,

(IJL (X1) — Cp,

®
CLASS(X4) — Cq and CLASS(X3) — Cp. Since th%MCP is tle ma r"t).fk&- decided
4 \j{'

that the unknown data Y belongs to the Cp class. _ %
» 7012; Imandoust &

The idea of exploiting KNN for forecasti@g .
Bolandraftar, 2013) combines the noti mas:§' catign
g0, agsumg wat

within the universe, namely (x1, )NXZ

then the predicted value f z:'ssingL

¢

X4, Xg are the nearest neighbors with the correspon lass .0

S

ort nb@e‘ variable (p,?) is determined by

£ &
errglhe possible value that is related to it.
&

in Forecasting
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It is quite clear that (p,?) lies between (x2, y2) and (x3, y3). As such, the use of KNN in

this situation 1s to decide which class i1s more conducive for the classification. Since it is

nearer to (x2, y2), it will be classified to (x2, y2). Here, the predicted valyg for (p,?)
R

would then be (p, y2) instead of (p, y2). This is merely a simpliﬁet ation of

applying KNN for prediction. The actual application of KNN for pred%may be more

complex (Ren & Suganthan, 2014). Y.

ov with other machine
)

1, Oll){lnaupport vector
¢

' 1igdal neural
<

ba3¥ local linear
N
wavelet neural network (Lina et al., 2013).%

| Qg;hough bearing
comparative accuracy to the original o\%rs a sigil .

complexity as a whole. Below is a pr vm @ergy (Figure 10). Here,
é L
it can be seen that KNN minimizgs thg traingdaj e“qui(@'by ANN, which eventually

shortens processing time.

To enhance the performance of forecasting, KNN can

learning approaches such as artificial neural network (

machine (Hao et al., 2006). It is found to be tempora

network (ANN) in forming a variant known as t n

in Forecasting

Extrapolation

Smaller Training Data

T
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Unlike time series approaches that are rather sensitive to noise, the k nearest neighbour

method is reasonably resistant to anomalous data (Maier et al., 2009; Weinberger & Saul,

2009). It can accommodate noise well by measuring the closest distance to a pivw of

anchor data that serves as the reference point of decision making. As s c@ough a
of Te

multitude of noise may attempt to interfere, as long as the axial asoning 1S

\%

undisturbed, the method would still be able to maintain its accuracywz

2.4.3 Fuzzy Time Series (FTS)
The main idea of time series in forecasting (Cont@ al., 30
collection of data from past events to predict futur 5. It Fospi

single representation of time. In simple terms, 9: _
time. This can be quite problematic because s of ev

€ 12l multifaceted duration

03 is’to ¥ploit a
A

S da@gased on a

Yv

edt g continuum of

N

dispersed equally

through time. Instead, they can overlap

Ctione eries (Duru & Bulut, 2014; Lee

of temporal progress.

As a way of solving the chall

& Hong, 2015) had emerg

d individually and collectively. Time and the
P

corresponding eve, ¥ decgmp bassd’ on their dominant features. In effect, it
% 4 + 4 | -
allows greater wty to fo casﬁnghereby the nuances of past events are analyzed

the effort of acl}éving higher accuracy on the prediction of future

which different patte

more Intri

event

Fuzzy time series should not be confused with the enhancement of time series with fuzzy

sets or fuzzy transform (Stepnicka et al., 2009; D1 Martino et al., 2011). The former 1s

mostly concerned with the act of providing a different paradigm in handling the divergent
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trait of events within time. This implies that it will no longer retain the classical notion of

time as suggested by time series. However, the latter still maintains the elemental notion

?E

In the illustration (Figure 11), the traffic flows of different temporal smsses are

of time series but ofters a more enhanced mode of processing that exploits fuzzy

derived from a single time-series. Subclassing can be performed thTa number of

means such as clustering (Zhang & Zhu, 2012) or expert de . There are six

subclasses In total. They are Sun-Holiday, Monday, Tu llesday-Thursday,

Friday, Saturday and finally Day-after-holiday. Decompos sin le nes into its

subclasses can improve the versatility of forecasting

Figure 11: Fuzzy Model of Tra%gws '

'Iélll- ! Heliday
Monday
L] L]

20 PN 3:2. PM 4:20PM 6:20PM  5:20PM

(ChriSvagbulos et al.,, 2010), which may not be entirely commendable as the varying
characteristics of each subset of data will be eventually shadowed by its general

attributes. This can be quite detrimental to forecasting because it desensitizes the
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implication of salient patterns within the congregation. Consequently, it reduces the

accuracy of forecasting as a whole.

A demonstrative process of applying fuzzy time series in forecasting (C u,z 011) 1s

given below (Figure 12). It begins by enforcing stability on the data 3 Iahe data 1s

unstable, 1t 1s amended recursively until the requirement is Vhd. Then, the

environment is properly defined. This involves the act of exphcwmmeratmg all the

'ml des the fuzzy sets

vuonment 1S

attributes and values that will be used in the calculation,

mg these rules,

g

e forecast.

Forecast and Defuzzify
Calculated Min-Max Value
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Utilizing fuzzy time series for traffic forecasting (Wen-ge & Yan, 2009) involves a rather

different process from the one mentioned before. This is shown below (Figure 13). It

begins by defining the boundary of the data in terms of the minimum and um

values. Afterwards, the temporal domain is divided into a series of i%\

customarily periodic. &

an, 2009)

Figure 13: Fuzzy Time Series Traffic Forecasting (Wen-g&W&

(Min, Max)

-_

Domain diN |
e

&

>
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Afterwards, the fuzzification process is enforced of which the variables with crisp values

are transformed mto fuzzy sets (Fouldsa et al., 2013). The transformation associates a

value to a certain fuzzy set with a probabilistic determinant. To demonstrate tl’T, the

crisp value of 42 in the illustration (Figure 14) can belong to two F%\ts It 1s

connected to the first fuzzy set of “low” by the probability of 0.6 and mmﬁt_ aneously, to

the fuzzy set of medium by the probability of 0.3. Vz

Figure 14: Sample Fuzzification (Fouldsa 1.,?0131.

NY.

The fuzzification procem&xp

building of a struct e ngeratds the ible fuzzy relationships (Hussain 2010)
€

the J éﬁe relationships are properly estabhshed the

erformed. The &rmance of fuzzy time series in terms of vehicle

between the var

forecasting :\-be

traffic ﬁ%\ng 1s found to be comparatlvely superior to neural network (Wen-ge &

Ym§ However, this should not be taken as a conclusive assertion to the general
efto forecasting since transportation traffic (Yufei & Moutarde, 2013) and network

traffic are not entirely similar.
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Practically speaking, a rather important characteristic of fuzzy relations is how

transitional logic (Tsaur, 2012) i1s conducted. It is not based on the common matrix

multiplication but instead, the max - min composition. This ensures thal?)ogic

transpired within the approach would not be erroneous (Guo et al., 200@& Guo,

2010), which is rather crucial to ensure the soundness of the outc%Observe the

demonstrative case (Ross, 1995) that 1s depicted below (Figure 15\3

Figure 15: Illustration of Multiplication for Fuzzy % ip@; 1995)

&
A = {al, a2, a3} B= Uﬂhl@ j‘{;g‘? .
4
NS

X",
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One of the greatest advantages of employing fuzzy time series in forecasting is the

flexibility of dealing with non-stationary data (Wong et al., 2010). Non-stationary data

(Strijbosch et al.,, 2011) 1s the type of data with distribution that chan@‘ugh a

temporal episode. This implies that the mean and variance can also suﬁ%repancy on
thereto

, difficult to

* SZ 'ousl drawback when 1t

) Wl;ules etc. The
NS

| e B&éut a sohd

T

a@ct (Wen-ge &

a dynamic basis, which makes it inherently unpredictable and

forecast.

Despite the advantages of fuzzy time series, it does hav

comes to justifying the rationale of defining the fuzzy s

ones employed to construct tuzzy relationships n@n

theoretical basis (Duru & Yoshida, 2011). For inw, -

Yan, 2009).

o
With regard to this issue, fuzzy timgfseries is ‘Tewitably Jcgapled with a panoply of
N

arit eu & Chiu, 2011), neural

AN

s@ng (M"oller-Levet et al., 2003),

he effort of justifying a particular

network (Leite et al., 2012 ;

R ki
and even ARMA (Egrioglu ss#r

recommendation that dg £S thk

time series. C\



