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CHAPTER V

RESULTS AND DISCUSSIONS

5.0 Introduction

T

The results gathered in this research are rather extensive due to the v M circumstances
that may occur. It is therefore appropriate to present the over eZIts For all the three

approaches ANN, KNN and FTS in advance. They are organ l:aqdw :ble cases

of users in conjunction with the temporal demarcatl@

monthly duration. This will assist the effort of pe

analysis.
S.1 Data Input and Output (Daily, Wee?
User AB) ,

y 90 people. In terms of the

Overall, the total number of onpme ’ser 1 DEJ
values, only a noticeable d‘&} cm@ ° \,

number of users online. %\'ellge' p{l nf~sgems to lie within 60 people while the

9,
average minimum ré aroynd > eopl&s such, the two only differs by roughly 10
T

people or 10% o otal sample. \C}'

TraﬁiQ-gathered over the period of 180 days, divided equally by the range of 50

days. The traffic of user A is frequently higher than user B until day 150. It was observed

ween the maximum and minimum

that the widest difference can be witnessed approximately on day 140 of which user A
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reaches its peak while user B plummets into a very low degree. Surprisingly, after that,

they converge into a common trend of fluctuation.

Without the need for in-depth analysis, it can be seen from the traffic data that tKRFg

spike is conventionally preceded by the lowest decline. Hypothetically, i g@l be a

seasonal phenomenon that exceeds the scope of the research. This shou t be a cause

of worry however as the entire trend of the data 1is not mgmﬁcantly‘w ined by this

pattern.

In this study, the capital city of Libya, Tripoli, was selected "3y so cMafﬁ ~data

required for ANN based implementation of WIM

Indicated in figures are the daily data input/output reco ed d

includes the maximum and minimum online ﬁ

their WiMAX traffic of MIMO-A, MIMO-B

The following figures denote, it can b@hat el

users were found to vary betw Wxim,;il?
%fo ary

minimum number of online us ‘g en approximately (21.64) and

we
K g
(56.83), while the daily {lra MVP-A ;ﬂet were found to vary between
approximately (2.04¢8 Qﬁ‘a 954 ) yrifig @('game period of observation, the traffic
t

\
of MIMO-B user w;

proxnnately (3.632¢7) and (3.837¢8).

Fargtlisvee
&

O
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Figure 30: Daily Traffic of User A

Figure 29: Daily Max/Min of User A
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Figure 31: Daily Max/Min of User B
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Figure 33: Daily Max/Min of User AB
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The weekly data can be derived from the daily data by grouping the days into one week.

All of them are illustrated as weekly data and traffic of user A (Figure 35, Figure 36),

weekly data and traffic of user B (Figure 37, Figure 38), and weekly data andyzaffic of

user AB (Figure 39, Figure 40). The following figures denote, it can bth hat the
weekly maximum number of online users were found to vary betwe!Nproximately

(54.20) and (60. 85) and the weekly minimum number of online users gre found to vary

between approximately (51.90) and (53.89). Yv

It is quite obvious that the trend for the weekly data fl e daily one.

When the behavior of a set of data is put together into

signagjed ¢ s$ _@nean or
, th.&'ffumy will

O Il

cﬂinu d tr

Ny | *\k
tin Int (Stegle et al., 2009:

&
ﬁlt can be observed that the

» week and then ascends to the

Collective tendency (Bello et al., 2013) will emer ge

generalize the manifestation of individual one t at 1s normally

se and increase that occurs greatly

onthly data. In th&%ense the depiction is usually rather satisfactory.

c and unsteady as the daily data. Furthermore, it 1s not too unchanging

nghly data. The weekly data (Kaltenbrunner et al., 2010) offers a balanced view

of the entire data that is quite compelling to the analyzer.



Figure 35: Weekly Min/Max of User A
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Figure 36: Weekly Traffic of User A
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Figure 39: Weekly Min/Max of User AB Figure 40: Weekly Traffic of User AB
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jgure ,
D

he 'ata Ip$i'éaf the maximum / minimum
m@ : I\fc@ly data (Waewsaka et al., 2014)

h. THe® is no quarterly data (Lorek, 2014)

Figure 42), monthly user B (Figure

.

ﬁ'C\ﬁ)r ch
1S the longest duration of datNgr thy :

O

C—) (j)

N

included in the study.
k 4 F') % . .
s m(fltl@ﬂata is the least sensitive class of temporal

From the aspect § ressivit
< . .
change whe Nared to its two cou}erparts, the daily and weekly data. This can be

attribuéa wide range of data that 1s grouped together under the division. As a

ata exhibits minimal fluctuation, emanating minute displacement over

Figure 46). Similar to their pre

number of users and the tra

result, th

progress (Sabzpooshani & Mohammadi, 2014).



-
[ ]

’ N

Max Number Online User A (every month)
& & 99

X

B8

input 1: Max Number Online User (A)

77

The traffic distribution begins with a slow increase at the initial stage and climbs the peak
on the third month (Yang & Li, 2011). It suffers a sudden plunge into the lowest value on

T.m/

Wth and

the fourth month of the overall duration. This is opposes the trend of the m

minimum number of online users which show low value on the thir

subsequently a rise on the following month. N
Comparatively, the overall traffic of user A is persistently higMn user B. The

difference between the two is truly excessive. It is apparent ze iraph of monthly
h thgst:

traffic of user AB that the summit of user B does not even ist¥l of user A.
@

Y—
However, it 1s not within the scope of this resear ‘é\ e Ldu lj&}of this
T

ch YoSstudy
’ 4
phenomenon. Y \ NV
&

. >

*Il-
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Figure 43: Monthly Min/Max of User B Figure 44: Monthly data input/output of user B
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5.2 Data Input and Output for KNN (Daily, Weekly and Monthly)

The result for k — nearest neighbor is organized based on the number of neighbor’s K.
There are five instances of k utilized in this research. They are k = {1, 4\37, and 9}.

Without the loss of generality, it i1s assumed that the usage of odd ﬁﬁed k on the

performance of the forecasting will not be that significantly differex’Tn even numbered

k=1{2,4,6,8,and 10}. N

a@w It calculates
alPth&data in the
&

The general naive algorithm for KNN (Li et al., 2003) i

Ingy it Wy

the distance D(X, Y) between the unknown data Y bygomp

instance X = Xj... Xn. The Euclidean distance i1s t ost C 0 meaazue of distance.

N

re kn%&' only the k set of

ins@, if k = 3, then only
A

Once the distance between the unknown and % :

NS
data that are nearest would be chosen fofglass@fication.

three instances with the nearest distancG,consﬁT
0

¢

For the daily traffic of user A (Fig\

), t
_ N
best number for Kis 1 or 3 %er. Hege, b hlsg@ons of K offer the lowest error of

¥,
0.0007 and the highest eling efffs@ney’ of @3. On the other hand, the worst error
is 0.0009 with the lo¥

®r valkie of K such as 5 also results to a commendable

neighbor 1s set at@ l( 4\

fog
forecasting % error d eg as\?farginal as the best choice of K. However, the
A XS

modelin::.wency would not be as'impressive.

1S marized below (Table 3). The

1eNCV s

4

95@3} This occurs when the number of closest
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Figure 47: KNN Daily Testing of User A

x 10’ Daily Trafic of MIMO-User A (Bytes). Measured Vs Predicted
9[ t- ~ KNN Estmated: MSE =0.0007, Eficiency=0.9673 l L L 3l

Traffic of MIMO-User A (Bytes)

B & 1,0 R
«a
L y 0007 0.9653
d : \J
S

\

daily result of user A that shows preference for a particular value of K

Contr

whe es to minimizing the forecasting error, it seems that for user B (Figure 48),

this predilection is nonexistent. All the variants of K (Table 4) portray similar lowest

error of 0.0005. Nevertheless, the highest efficiency is achieved at 0.9758, which

transpires when K is set at 7. The efficiency of other values of K does not digress
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significantly from the maximum one. The worst efficiency is found at 0.9751 when K is
defined at the value of 5. Note the difference between the lowest efficiency and the

highest one. They difter by a meager value of 0.0007.

| KNN Estimated. MSE =0.0005, Efficiency=0.9758
-~ Measured

n
I

g .

; t:‘ ."_' ti | Il:' 1'_: il Iq‘:‘ i 8 \f .
& v J"“‘““' " “‘%«nﬁdr lf !{H"‘t ngt{ lh‘l > L-# ; t"'*. L S & |
@ ¢ | : R Y.

o | * {- ¥ N g |
0 3 | !

2 3

s ¢ ¢

o

;

o
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Similar to the preceding case of user B, the best choice of K = 7 (Table 5) is demonstrated
again for user AB (Figure 49) whereby the least error is attained at 0.0004 and the highest

efficiency projected at 0.9791. It is quite alarming to notice that the best value for K for

est error

user A is also the worst for user AB. When K = 1, the approach shows t@

déd when K =

(0.0011) and lowest ethiciency (0.9414). Average performance can be

5. Here, the error suffered is 0.0007 while the efficiency is 0.947 thh is slightly

higher than the worst.

Traffic of MIMO-User A (Bytes)

X 103 Daily Traffic o
6 -
3 KNN Estimat
- Measured

Traffic of MIMO-User B (Bytes)

;
120 140 160 180 200
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Table 5: KNN Daily Testing of User AB

e r i = . 1 ) 1
- " 5 & § ¥ . 4 s S e L ¢ B d L
. ; & . + TR - 1 & ] . B = e a . ki b -.-._- LA UL . - ] KRG ML, A e e b S r i - o - g e 750
L) T = P + - " ity yres % gl T = g Ty i L - 4 ; - i ' 1 =
gw ' _— ' " s K [ i R }i - E, 4 g ® o '
o L i ; i 1 5 e R L ; i - L - - i g 2 4 - o . e . - il i . " i . . T
a b Tl . i 5 3 1 - i 5 = .k @ i L v i I 1 L N el b e o : ol m
- [ - filia - i i i ; i J -! il & Bl AN i . i e 1 _l. . i 1 " .. o] Em [ e | Tk - y
'3 ’ i 1 L] : ' ; . 1 - . ' - “ o - TR B ] E - . . 1 5 ; I t + 3
' ey e o g a > .
] :h-| | E ¥ [F .= r' - L .-‘ a I Xy I
. N = X | o - . [ . % . " - a " ’
v ] - | - = i L =
i s T - i
- . . - i % a
1 ' L, - [l i i e “ - E i 1
Y 5 5 " i [ * 1 = i ! -

The best performance for the weekly forecasting of K is set at
7 (Table 6). In this particular configuration, th% ' sible at 0.0004
with the highest efficiency at 0.9803. Otheg choT®es of rtray comparable

error performance. Both K=3 or K=5 w%esulth v (0.0004) as the best
;. ? @

>
K=7. The efficiency for these near . alternatiyes of, @s quite impressive too, at

AQ’
0.9801. The worst occurs whe — w1

st error (0.0006) and lowest
efficiency (0.9732) are recordb

' hi
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Figure 50: KNN Weekly Testing of User A
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Equﬁrmxllhg as the weekly performance of user A, the value of K = 7 repeats its

dominance over superiority for user B (Figure 51). At this value (Table 7), the error is

lowest (0.0001) and the efficiency is highest (0.9873). The worst error is 0.0004 with
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inferior efficiency of 0.9700, which is instigated when K is defined at 9. It seems that
poor performance transpires when K 1s set to values other than 7. In addition, the

efficiency for other values of K= (1 or 3 or 5 or 9), beside the optimal one, is significantly

severe as well. They are approximately lower than the highest efﬁciene \ 9893 by

.
T

Figure 51: KNN Weekly Testingoéz l

x 10° Wi_uukly Traffic of MIMO-User B (Bytes): Me d Vs Pregicted
S'ST :- KNN Estimated: MSE =0.0001 :—Efﬂcluncy-o.gaga I'
| - Measured _ Y A .

more than 0.0100 and revolve around 0.9700.
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Clearly, the most suitable value of K is 7 for the forecasting of weekly traffic. As shown
in the weekly testing of user AB (Table 8) where this value shows unparalleled distinction

when compared against its counterparts, the same form of advancement is shown here for

the weekly traffic of user AB (Figure 52). When K = 7, the error is lowef®04 and
t |

the efficiency 1s highest at 0.9679. However, contrary to earlier cassh optimality

shown at this juncture i1s not as impressive as the worst one. Errchhest (0.0006)

when K = 7 but efficiency is lowest (0.9670) when K = 5. N

® ©
|
¢ 4

Measured

Traffic of MIMO-User A (Bytes)
W » OO O ~N
]

i
o

Traffic of MIMO-User B (Bytes)
W H
W 0" H n 0
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Table 8: KNN Weekly Testing of User AB
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In the weekly testing of the k-nearest neighbor, i

t cﬁn value of K
Y'

can minimize error and maximize efficiency e 9) fails to repeat

this advantage for the monthly testing of u& i%5 .
tlae% Z-ro

" N
Fest gt (0.0004) and near optimal
S

efficiency (0.9635), the setting also 0.0007. Thus, the most

inviting alternative 1s K = 1, whN

efficiency (0.9633) that diff ﬁoz the bit 0
with the worst error (0.0%; _

Marginal 0.0002. The worst K is 9
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Table 9: KNN Monthly Testing of User A

USER A MONTHLY

e 10) result

For the case of monthly testing of user B (Figure 54), 8 the vglu S

7 @ of which both
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v,
imaar to @ best one. Consistently high

and K = 9, although the value 1s ¢ o
{the l t@\sting indicates the suitability ot

efficiency values for all the vglue
the approach in forecasting, es ially{ tH Aqration is long. Finally, the medium

value of efficiency (0.994N @@whe
O
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O
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g
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Evidence derived from the result of the monthly testing for user AB (Figure 55) confirms
the affinity of K = 7 as the most favorable number of referential clusters for the KNN

approach (Table 11). When the parameter is defined in this manner, the error 1s
computationally negligible (0.000) and the efficiency is undeniably at its I&E m with

the value of 0.9963. The most inferior performance occurs when K = }w . = 5 where

the error is worst at 0.0001 and the efficiency is least at 0.9921. Iivt its worst, the

Mle.

monthly performance of the forecasting for user AB is still co

=
ol =
- - - —
= ik
- . il
. = - gt
I - -— ——— =
b
L]
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o
!
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Table 11: KNN Monthly Testing of User AB

USER AB MONTHLY

i ; - . ! " i ¢ " |y i+ _-F : T - e i E . o i
w = E E LI 1 3 dr [ 1 . £ = - o L Bhm = q oy S 5 ¥ i : = = i o a4 s
; g . - I i " L] 5 [ o g i * 3 T her y & o1 pahee "y " W - X T T L L s s s RS g A =11 o LR e T Y, L I| dii |
¥ - . ey 1 1 . 5 ; : i i . i o
kK i a et o Lo i ¥ i i . T " |t - gt N, L N W o L " S E ] +
. I 1 . i O . . i g L e 5 1 = ¥ L
J - E & s L F % w ¥ ] ol .| g g B < Nt g N -
1 3 % 1 i ' r ol - 3 5 i = & L] i , oy W P : LY
1 = L ' ¥ i i . . s u = . T F . ' L] 1 A - r F "
] " K . g = 3 1 5 "4 " x L L] L at 5 R l L U} ¥ P A R —_— L F ™ n -
E 1 " = i
= w i . - " - L S | § 5] . = T i 5. . o i -
: + L] " . . - ¥ 3 i :"r . - i . - s t . L . j Tl M " i I.I 4 - -t - { . ¥ - .
v ) ® " - o - B S i i 5% 5 AT - - s - ¥
- - r ' . . . ' . _ 5 ® | o ] e P i . = ':l - " 4 =
T4 gam 4 W - ] i P F i - = . - 3 ¥ L ] % e
[} 3 i o g = - s . . T N B B .. - i e ! -~ . . . . a e 3 :
d v L o ' o == ’ ] - g " . - . ’ - o

3
|8
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nem'@etwork (ANN) i1s

5.3 Data Input and Output for ANN (Daily, WeeKIZand M}n

SE) and

\ S
% m&OIB), denoted by R, that
Y
\%

&
@vs when given a collection of

also measured based on the mean square e

includes the regression indicator (Is

‘3

2
6

measures how well a particular mohk pre

N
past data. The difference 1s qyite sigtle, bufit b@ssed upon that it is not the same

"

as finding the difference een’

For instance, suppostm

network for trainj

(VALUE % then this does not involve any new data since it falls under the range of

ver, if it is (VALUE = 95), then it is considered a case of new data since it

(O, w
is beyond the range of (0, 80). The regression (R) calculates the capacity of the model to

deal with new situations such as the latter.
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The artificial neural network (ANN) contains two sets of result. The first result exhibits
the training part of the approach while the second result narrates the testing portion. All
the other approaches, which are k-nearest neighbor (KNNN) and fuzzy time geries (FTS)

&to the

only include their testing results. The training phase of ANN is incox% .

result because 1t 1s quite extensive. In other words, considerable co&ional effort 1s

invested 1nto it. Y'

Wuser A (Figure 56),
Fidire . :

Between the two algorithms for forecasting the daily t

Table 12:

[20101]

Testing

Algorit

E‘I

. MSE Mg

09464 | 097596 | 00010 | 0.5523

0.97166 | 00017 |  0.9212

0.000099

0.001033
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Figure 56 Daily traffic of MIMO User A: Measured vs Prediction
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Figure 58: ANN Daily Testing for User A — TrainLM
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Figure 60: ANN Daily Training for User B - TrainSCG
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Similar performance of TrainLM is witne
(Table 13, Figure 61). Here, 1t projectg g
the most efficiency (0.9472). Trai

accounts. It shows the most

—

PP | vgp | M R | MSE M |
0.0009974 | 09473 | 097316 | 00010 | 09472 |

ram3Ce | 0001027 | 09407 | 089443 | 00038 | 08010 J
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Figure 61: Daily traffic of MIMO User B: Measured VS Prediction
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Least error (0.0014) and highest efficiency (0.9277), TrainLM (Figure 65, Figure 66)

outperforms TranSCG (Figure 67, Figure 68) yet again in the daily traffic of user AB

(Table14, Figure 69). The performance of TrainSCG is rather severe when v{asted

against TrainSCG. Its error (0.0056) is four times worst than the forme:liI %1\1111’1 The

efficiency (0.9159), although lower than TrainLM, is not as previgus in'comparison.
e E

Evidently, TrainLLM is consistently outstanding to TrainSCG in a% ee cases - user

\Y

Table 14: ANN Cross Validation of Daily Traffyfor N o

A, user B, and user AB for the daily duration.

[20 102] T paity cay = Yo
| o ——
Algorithms MSE
) WA
TrainlM 0.000998
: |
TrainSCG 0.001538

? UQ%.B: Measured VS Prediction
2 &
O

-
s
b
e s —
-
§
=
‘S &
g
il
200
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p— i g = — ANN Estimated: MSE =0.000S5, Efficiency=0.8750 : : ] g
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Figure 66: ANN Daily Training Result of User AB — TrainLM
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Figure 68: ANN Daily Training Result of User AB — TrainSCG
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For the weekly result of User A (Table 15, Figure 70), the algorithm TrainLM (Figure 71,

Figure 72) shows the most promising performance with the lowest error at 0.0007 and

highest efficiency at 0.9696. The remarkable efficiency is almost at the able

maximum value. On the other hand, TrainSCG (Figure 73, Figure 74) 63\5 !
tt

error (0.0010) and efficiency (0.9540). It can be seen quite clearly that the Battern of the

e worst

weekly traffic is more stable when compared to the daily one. In% Inse, it does not

fluctuate as rapidly. Yv
Table 15: ANN Cross Validation of Weekl ﬁ M" v

15
)

20102 1 Teanay = S ANVt ;;;g@ |
Training o/ lesting ‘
Algorithms - | v
MSE

TrainlM 0‘0208971

TrainSCG 0.009984

RS Meﬂ'
* 30
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Figure 70: ANN Weekly Traffic Result of User A — TrainLM
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Figure 72: ANN Weekly Training Result of User A — TrainSCG
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Figure 74: ANN Weekly Traffic Result of User A — TrainLM
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quite approximate as well. Tr%w
which differs only by 0.0%&r' the

1Ci ncS:(ﬁJQTrainSCG (Figure 78, Figure 79),

which is deemed at 0. prd, t@tter algorithm displays a noteworthy

improvement in te@n
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Table 16: ANN Cross Validation of Weekly Traffic for User B

|——' R ———— ——y
2010 2] | I Weekly (B) — f 4 (X Max(B)’X M:’n(BﬂA;.
Tk

Training

e e = S .
‘ Algorithms MSE Mo = R
] . | |

TrainLM 0.00099665 | 0.95422 | 0.96067

TrainSCG | 0.009993 0.92209
- —

Figure 75: Weekly traffic of MIMO Wger
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Figure 76: ANN Weekly Training Result of User B — TrainLM
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Figure 78: ANN Weekly Training Result of User B — TrainSCG
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It is not often that the forecasting of the ANN algorithm can make a prediction that is

really close to the actual data. In the case of the weekly traffic for user AB (Table 17,

Figure 80), TrainLM (Figure 81, Figure 82) demonstrates a truly exemplary anance
behavior of which the margin of error (0.0000) is too marginal for mani . This i1s

further compounded by the extremely high portrayal of efficiency¥ at 0.9983.

Unfortunately, TrainSCG (Figure 83, Figure 84) achieves the @: with the most

severe degree of error at 0.0020. Although the efficiency 1i uWh at 0.9924, it does

<,

\fo \/T
Table 17: ANN Cross Validation of Weckly Iia . r U%&B
)

1
F[Z_OIOZ] Tweekly( =g;4( ’ﬁ'(‘w)) oame

Testing |

not compensate for the tendency for error.

_I g

Algorithms MSE . r ng e v
S —— k \ ! e |_____J

TrainLM 0_‘93 : @39 0.0000 | 0.9983
. - ol S WHP

508776 ( 6.06615 | 0-0020 | 0.9924
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Figure 80: Weekly traffic of MIMO User AB: Measured VS Prediction
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Figure 82: ANN Weekly Traffic Result of User AB — TrainLM
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Figure 84: ANN Weekly Traffic Result of User AB — TrainSCG
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@able 18, Figure 85), the

&
6,@7(3 87), and TrainSCG (Figure
y!ezzgach exhibits an error of 0.0010.

ian TrainSCG. They are signified at



Table 18: ANN Cross Validation of Monthly Traffic for User A

e

TMonrhly(A) - fA (XMar(A) > XMin(A))

20101] ——
Training
Algorithms MSE Mer o o
R B | 0.0010
TrainLM 0.0004 | 09464 | 097271 | %
l S \ 0.0010 | 0.94465 | 0.97166 | V-091
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Figure 86: Monthly traffic of MIMO User A : Measured VS Prediction
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Figure 88: ANN Monthly Training of User A — TrainSCG
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TrainLM (Figure 90, Figure 91) displays a rather remarkable performance for the
monthly traffic of user B (Table 19) with a near optimal error rate of 0.0001 and

efficiency of 0.9891 that outperforms both measures of TrainSCG (Figure 92 ydigare 93).

On the other hand, the error rate of TrainSCG 1s comparatively poor%w 08 with

efficiency 0.8348 which falls far behind the ones demonstrated by its courMgrpart.

Table 19: ANN Cross Validation of Monthly T :for ‘Jser B

f

$
FUser B: Measured VS Prediction

ser B (Bytes): Measured Vs Predicted
E
=0.0008, Efficiency=0.8348 3
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o
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Figure 91: ANN Monthly Training of User B — TrainLM
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Given its predilection to exhibit superior performance in forecasting (Table 20), TrainLM

(Figure 94, Figure 95) does not deviate from this established behavior for the monthly

traffic of user AB (Figure 96). It shows the lowest negligible error at 0.0000y near
maximum efficiency at 0.9983. TrainSCG (Figure 97, Figure 98) attempts em ete by

projecting a slightly inferior error at 0.0003 and efficiency at 0.9842. Tﬂ&quite a feat

as the advancement of TrainLM is rather difficult to surpass. z

\y

Table 20: ANN Cross Validation of Monthly Traff® forfUse

P 1
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l 20102] | Toupem = fio ket Khpe) ¥
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Figure 95: ANN Monthly Training of User AB — TrainLM
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Figure 97: ANN Monthly Training of User AB — TrainSCG
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5.4 Data Input and Output for FTS (Daily, Weekly and Monthly)

Unlike previous intelligent approaches, the performance of fuzzy time series (FTS) is

observed solely on the measure of mean square error (MSE). Emphasis isiq z on the

measure of error as compared to the predicted value, which falls under t& ﬁl of (MSE

fitted v). This 1s equal to the measure of mean square error (MSE) as ted in the result

of k-nearest neighbor (KNN) and artificial neural network (ANN V

gﬁ!wy time series

Among the three cases of users (Table 21), the best daily

can be seen for user AB with the least error calculated #&0.6575. The H l}es't' éo)@r occurs
-
for user B at 0.9384 while user A lies in between thewvo at0.842). Thugg-the average

N

her A@t ure 99), user B

9

error for all the three cases is 0.8128. The grap% iv&l‘

Gy
&,

% o

Tabl%cpo'\

3

(Figure 100), and user AB (Figure 101).

5760000.0 4190000.0 3720000.0

1.9322222E7

MSE fitted v 0.8423 0.9384 0.6575

1.5641667E7 1.4936111E7
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Figure 99: FTS Daily Testing of User A
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Figure 101: FTS Daily Testing of User AB
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The entire result for the weekly forecast; of * j;kglven below (Table 22)

N

and depicted for user A (Figure 1 d user AB (Figure 104).

Compared to the daily result, th is exhibited by user B at the

lowest error of 0.1650. This %o

forecasting performance&}hm _

. .AE/ ith the error of 0.1743. The worst

b

ror as severe as 0.3242.

4

w,
S
%\
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Table 22: Exponential FTS Weekly

- USER A USER B USER AB

MSE all 0.8117 0.2924 m
\ 4
0.9741 0.3509 0.2394
N

l. intr 5500000.0 1200000.0 Tﬁ

2.31E7

Figure 102: FTS Week
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Figure 103: FTS Weekly Testing of User B
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The overall result of the monthly forecasting for fuzzy time series is tabulated below
(Table 23) with visualization of user A (Figure 105), user B (Figure 106), and user AB

(Figure 107). In this case, user AB shows superior performance in compariso user

A and user B with the least error at 0.1372. User B portrays the worst Qung with

error computed at 0.3531. ~
N, .
USER A mF *.

Table 23: Exponential FTS Mont
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Figure 107: FTS Monthly Testing of User AB
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5.5 Discussion

N

erformance of k-nearest

neighbor (KNN), artificial neura c NZ2y time series (FTS), only the

extent of error In terms o

convention of this rese&\ey pragente
(Table 25), and mont@ati n

N
{Tab} ,16)(,)(-’
&
Obviously for «l@for& ' UT?Z
all the case A

Ta 4), KNN outperforms both ANN and FTS for
r A, user B, an

) is examined. Following the

O

sed on the daily (Table 24), weekly .

3
er AB. The error of ANN is nearly as diminished

when cai d to KNN. The former differs from the latter at best by 0.0003 (0.0010 —
0. at worst by 0.0010 (0.0014 — 0.0004). This implies that ANN works nearly as

well as KNN on all the cases of daily forecasting.

However, the same cannot be said for the performance of FTS which displays the most

serious severity when contrasted against KNN. The error exhibited by FTS is at best 10’
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times worst than KNN. It 1s not certain as to why the capacity of FTS to perform the daily

forecasting is this inferior.

Table 24: MSE Comparison of Daily Forecasting

Users
KNN
| UserA | 0.0007
User B 0.0005
| N |
User AB 0.0004

The weekly forecasting however (Table

performance of KNN as measured agar %co

@)gh KNN shows the best

001

&
QMo so for user AB (0.0004).

9
result for user A (0.0004) and us e

N
@, which seems to be optimal at

1
.0
Here, KNN is inferior to th&%%emom,

'
the negligible rate of 0.000\ '
be rﬁnded that the error of 0.0000 does not imply

For the sake of@ :

perfection. I words, it does mfpnean that the predicted value is exactly the same as

)

the actL%le gathered from the data. Instead, the statistical measure imparts the

im@nmn that the error culminated by the prediction is too small to be perceptible by

the experimentation.
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For the rest of the cases, ANN attempts to follow the performance of KNN albeit at a less

impressive rate. Regrettably, FTS repeats its poor performance in all the forecasting cases

for the weekly forecasting. This time however, the deficiency in prediction is harsh

as the one showed earlier in the daily forecasting whereby a smaller d% ce can be
seen when compared with KNN. Observe the difference for user B, whichMs only 0.1649
(0.1650 — 0.0001). Nz

t‘\di

Table 25: MSE Comparison of Wegkly Forec

| >
Users z Q\
KNN oy ANRL_ ¢ =
User A 0.0004 , :
User B o.ooq.%
UserAB |  OW
| |

42?

n}}'@'forecasting (Table 26). It narrates an

A

KNN regains its do@c N

R &

unparalleled displ@ c:gﬁy r ﬁd\e cases with the lowest error for user A
? |

(0.0007), userSI%OOO), uér g’ (0.0000). In fact, it provides the most optimal

S
forecasts Me error of 0.000 for two out of three cases in the research. This adamantly
é

O

ANN tends to show a fluctuation of performance between cases. The error for user A

wer of KNN in network traffic forecasting.

(0.0010) is comparatively high when compared to the other cases of user B (0.0001) and

user AB (0.0000). This is quite confusing, given the fact that the data of user A and user
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B do not differ too dramatically. It is again unfortunate to mention the failure of FTS to

X

Table 26: MSE Comparison of Monthly ForecastinA

perform favorably in forecasting as opposed to KNN and ANN.

Users
KNN
User A 0.0007
| User B . 0.0000
| UserAB | 0.0000

With regard to the perplexity that arises \@

known disadvantage that any form of 1 hn’a

: 2°Mg
\
S

pltesyts weights in an iterative and
’ .

simultaneous fashion, 1s . eraljg 0 the rational ground that can be

accepted by humanistiqleaStningfe rber, 2011).

NH)

opacity of reasoning (Dumitru &

words, the mechanism em yei by




131

Looking at the impressive result of k-nearest neighbor, it is intriguing to see the recurring

phenomenon of k = 7 as the number of referential points in the algorithm for reaching
peak performance. Now, arguing over the optimal value of k in this research cw rather

counterproductive. There may not be an explanation, except for the faS %\iis proven

Y-

Among the three approaches, KNN offers the highest accura WIMAX traftic

forecasting. This can be seen consistently in most if not %;s u' question. The only
th

ud of
1

\gb val! K is a feat by
X

as such from the result of experimentation (Arlot, 2010).

drawback in using KNN 1is the elusiveness of decidin

the Qumber of

nearest neighbors. As such, the unparalleled perfor e of

ﬁiing

The new model of ANN that is propostd, ind isd argp perfoyms slightly less than KNN.
>

e Wor{ﬁgof ANN is fully autonomous

1S10N. a83pt to the changing scenarios In

d & .
learny \t'hq sse% 'patterns within the data itself. In this
v@ility to accommodate change.

2 9

is (&xhibited by FTS, which repeatedly commits

oh gsylpared to the other two approaches. Given the

oy
S with ANFIS, im not entirely premature to assume that fuzzy related

aplib' .
A comeie€ overview of the results is given below (Table 27).

N
chqer only when
T

the value of K 1s assigned manually. In reality,

itself.

[t must be reminded however, that

without the need of manua}fsu C
b

WiMAX traffic forecasti

1n te tsS
. !
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Table 27: Overview of Results

MSE (error)

s
User A 0 0010 0.0007
Weekly 0.0007 0.0004

0.000N/

e N R
Weekly 0.0010 ' 0 1650
e m o
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The most popular approach of dealing with this issue is the one derived from statistics.
Here, the best value of k is approximated from the square root of total data (Duda, Hart &

Stork, 2001), whereby (N) or more specifically k = N"2. In this research r, the

total data is well over a million, suggesting that the value of k > 100@(:1, this is

unreasonable given its excessive demand on computational resources. h % for the poor

predictive capacity of fuzzy time series (FTS), the cause is not cl%iown. Although it

taWseini, Fard & Baboli,
or trw
[

explored. Attempting to explain the failure is therefo hypothetic rn

z "
Fuzzy time series requires the segregation of@swcri
-n}st

e

Jurtifer 0@& Rationalizing from this
azheé‘@ecasting ability of fuzzy time

can be quite advantageous when dealing with incomplete

2011; Li et al., 2010), the accuracy of the approach fo

juncture.

1., Q%\) into a collection
Q

d_gnﬁcial neural network.
A

of fuzzy sets. This is not practiced for

Both accept the time series as 1t 1S W]

S

be tifhe series is the factor of failure, then why does

'
ef ars?é':f application (Wang, 2011; Aliev et al., 2006)
c_,) .

beside net %ﬂie? It must be retinded that it is considered a failure when compared
two

to th intelligent approaches here. Despite its low rate of error, the deficiency 1s

still fered extremely high in comparison.
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5.6 Summary

Comparing the results of k-nearest neighbor (KNN), artificial neural network (ANN), and

fuzzy time series (FTS), 1t 1s quite apparent that the best intelligent methodfor network
t

forecasting 1s k-nearest neighbor. Its error of prediction is consistent] west for

nearly all the temporal duration (daily, weekly, and monthly traffic) 'ﬂ!&(he cases (user

A, user B, and user AB). On the other hand, the performance of Al\mlightly less than

9

KNN on nearly all the varying situations. Without a doubt, ﬁJTle series (FTS) shows

the worst performance and lapses far behind KNN and @ {d
KNt




