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CHAPTER VI

CONCLUSION AND FUTURE WORK
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a rlef summary on the

6.0 Introduction

The research arrives at its end 1n this chapter. Before doing ¢

preceding chapters is deliberated. In the first chapter,
dilemma of applying intelligent approaches is explaiged.
cost of implementation is not compensated eno@

performance in forecasting, thus making the n %ze

obldm related with the

* Qet that the

el
@rovement of

CQ X
The second chapter thus explores the 1d&\ 1MAX, ' wor@afﬁc and forecasting

one stochastic approach

is studied, known as auto regres& , egr@ﬂm@krage (ARIMA). Three main
ereim det

intelligent approaches are c he ,lna
'

Qf ;: * éfes (FTS), which were all selected on

artificial neural network ( %
Yalss foéﬁting

In the third cha@re ul:h hepho
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the ﬂowchartx each intelligent a

the proc \molved The designs models in chapter four which explain each method of

ly the k-nearest neighbor (KNN),

DNEZYWtime

the merit of their men ne

gy is elaborated. The data collection as well as

ch is given to enable a greater understanding of

lligent. Results gathered from the experimentation is analyzed and discussed

in the five chapter.
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6.1 Conclusion

Intelligent approaches such as the k-nearest-neighbor (KNN), artificial neural network
(ANN), and fuzzy time series (FTS) have a high potential in WiMAX neY& traffic

forecasting. This 1s proven by their remarkable performance in predic%\ae network

traffic based on gathered data. The accuracy of their forecasting is quif®high, which is

supported by the emergence of minimal error in the experimen%%ect, nullifying the
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theé& in most of the

, does not differ that

qualm presented by the following situation.

In the comparison between an intelligent approac$n as

Fuzzy Inference System) with ARIMA, a statistiCBor stgc

Balakrishnan, 2014), the former is proven t(b% ger'

forecasting cases. The degree of error bet® %th met

A

o&of ANFIS is considerably

%)
d‘In ﬁ research affirm the potential

greatly, which induces reservation smc

higher than ARIMA. Fortunately,

of intelligent approaches 1n fErec

.r $ <<,
6.2 Limitation and Fu& or
\.
Fuzzy time series € Md e.% }ﬁfeu&r’ performance of WiIMAX network traffic
O.

E b) othdr intelligent approaches. As such, it would be
estigate the cause

rovement. Perhaps it lies within the manner of which the intervals are

esult

forecasting wh

ES failure more thoroughly to figure out a viable

beneficial to

dnechon%
dissec "this is the case, delving further into this issue would be a worthy area of

research in the future.
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One of the ways to improve the partitioning of the time series is via the implementation of
interval information granules (Lu et al, 2015). The approach initially divides the
temporal dimension into a predefined segment. Afterwards, it would adjust wmundary

of each segment to maximize the level of information imbued within. @\mechanism

of this particular approach exploits the use of prototypes (Wang, Lig & Pedrycz, 2013) to

enhance the calculation of intervals by widening them at
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t@e number of reference points or k. In this

N

tematically by increasing it by two for every

QW ylensity spaces and

narrowing them at high density ones (Figure 108).

Figure 108: Setting Intervals Based on De
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scenario. &e itely better if tk’optimal cluster of neighborhood is computed on the
re

research, the g

well defined strategies. A number of methods can be explored for this

basisgg
plﬁor instance, using the Akaike Information Criterion (Lee & Ouarda, 2011) in

determining the selection of k as well as the order of the model.
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Apart from the selection of optimal k, the approach can also be enhanced by introducing a

better way to evaluate the distance between the data with the orbiting neighbors.

Currently, only the classical Euclidean distance is employed. It is compellin onsider

other distance metrics such as fusing neighborhood information (L:’E %, 2014) and

mahalanobis distance (Melnykov & Melnykov, 2014).

With regard to the speed of computation, k-nearest nei

considerable length of time as the number of sample 1

the data for WIMAX traffic is often very high i.e.

with the employment of better sorting strategies

N lwmch allows a

o@mproved with the
tb;’tjlc l@ta that 1s utilized 1n the

the notion that although the

faster procedure of recognizing the top k nei
use of two tier kK — nearest neighbors (X
approach increases the speed by o

calculation of the nearest neigh

\
influx of data can be co thrqugh uin@st of them are not crucial for

forecasting. Thus, selectn@ 2

The notion of ad ho&lrd'ap e

aﬁﬂs well. In this research, most of the learning

an intriguing ve pote t1al}e
part is donmﬁ‘& data 1s ollecte& its entirety. However, nothing has been done on

the devek nt of an adaptive mtelhgent forecasting algorithm (Morales-Arias &

yl(A‘l'ga}ag et al., 2014) in intelligent forecasting 1s

Mouf 3) that can attune to a changing environment on a continuous basis (Figure

109). This way, it can be made versatile to the capture of new data without the need to

wait for the accumulation to reach completion.
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Figure 109: Adaptive Intelligent Forecasting (Morales-Arias & Moura, 2013)
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