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Presenting a Fuzzy Approach to Optimize Predicting High
Order Time Series

Hesam Omranpour® & Fahime Azadian
Department of Electrical and Computer Engineering, Babol Noshirvani University of Technology

Abstract

It is difficult to apply the real world’s conceptions due to their uncertainty. Generally, time series are known
to be non-linear or non-stationary. Regarding these two features, a system should be sensitive enough to apply
the unity of time series and repeat this sensitiveness in the prediction. A predict system can exactly scrutinize
the hidden features of time series and also can have high predicting runs. Lots of statistical tools such as
regression analysis, gradient average, exponential gradient average and auto regression gradient average are
used in traditional predictions. One of the biggest challenges of these approaches is the necessity of greater
observations and the avoidance of linguistic variables or subjective experts’ ideas. Also these methods are
limited to linear being assumptions. In order to dominate the limitations of traditional methods, many
researchers have utilized soft computations like fuzzy logic, fuzzy neural networks, evolutionary algorithms

U/ 3 and etc.
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In this paper, we proposed a new fuzzy prediction novel based on the high order fuzzy time series. Our
proposed model is based on the higher order fuzzy time series prediction computational approach. In this
method a group of features are evaluated, by adding the value of the preceding element of predicting element
to the result of the series’ differences. At that, particle swarm optimization is used to optimize Calculation
algorithm features, which renders a better performance in order to solve the problems of higher order fuzzy
time series. Then by choosing the best features, a result can be inferred as the predicting value.

The performance of the approach is presented in which after the fuzzification of time series and creating the
logical fuzzy relations, by using the lower limit of the predicting element’s range and its consecutive range,
and the resulted difference of sequential elements, some specific computations are done and a set of features
are gained. Then, using the particle swarm optimization function, the best parameter is selected. The fitness
function in the proposed method has two parts: a general section (the average of all orders) and a partial
(Every columns orders). In general section, the overall average of error is shown. In Every columns orders
section each column individually considered. For the second to tenth order (9 PSO separate) the answer is
checked. The method is as follow; we used two parameters b and d for the feature calculation algorithm. The
amount of d was manually and randomly between 3 — 1000, but PSO find the amount of b.

Properties obtained by this method, have less outliers data and waste, which it causes predicted closer, with
less error.

Finally, defuzzification is performed. The yielded score is the predicted integer value of considered
element.

In order to decide the precision of the prediction’s rate, we compare the proposed model to other methods
using the mean square error and the average error. In order to show the efficiency of the proposed approach,
we have implemented this method on the Alabama University’s enrollment database. It can be observed that
the suggested method provides better results compared to the other methods and also renders a lower error.

Keywords: Predict, Time series, Optimization, Fuzzy logic, High-order fuzzy time series, Fuzzification,
Defuzzification
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x(b) = U(m) + (d(m)/(ch(b)));

xx(b) = U(m) — (d(m)/(ch(b)));

y(b) =U(m) + (d(m) * ch(b));

yy(b) = U(m) — (d(m) x ch(b));

2 /
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(Figure-2): Feature Calculation Algorithm
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F = (r+S[il+ M[xA;]/(s + 2); )

forb = 1:d

if (x(b) >= L[+ 4)])&&(x(b) <= U[+ 4j])
fi = fuy(x(b)):

r=r+ (x(b) * fi);

s=s+fi;
end
forb = 1:d

if (ox(b) >= L[= 4])&&(xx(b) <= U[= 4)])
fi = fuy(oe(b)):

r=r+ (xx(b) * fi):

s=s+fi;
end
forb = 1:d

if (y(b) >= L[+ 4] )&&(y(b) <= U[=4)])
fi = fu;(y(®)):
r=r+ (y(b) = fi);

s=s+fi;
end
forb = 1:d

if (yy(®) >= L[+ 4/)&&(yy(b) <= U[= 4]
fi = fu;(yy(b)):

r=r+ (yy(b) = fi);

s=s+fi;

end

53 gLl 990 (F-JS)
(Figure-4): Fuzzy Inference Engine

a = had paen

b = had bala
c=(a+b)/2:
if(x < ¢)

m= 1/(c—a):
fuj=m=(x—a);

end

if(x > ¢)

m= 1/(c—Db);
fuj=ms(x-b)
end

if(x ==¢)
fuj=1

end

b (s $ln Cogae &) ilrs :(0-J55)
(Figure-5): CalculationThe Degree Of Membership For
Feature
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Mean square error =
Y (actual value;—forecasted value;)?
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forecasting error (in percent) =
orecasted value—actual value
s I % 100 )

actual value

Average forecasting error (in percent) =
sumof forecasting error
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(Table-1): The Results of Average Forecasting Error for The Average State of All Orders

b Fgbest Average forecasting error
Output order2 | order3 order4 orderS order6 order7 order8 order9 orderl0
3 1.5904 1.482 1.6037 @ 1.5295  1.5798 1.6253 | 1.6519 1.6364 1.6771 1.5283
10 1.5349 | 1.4503 1.4654 @ 1.4009 | 1.5413 1.6247 | 1.6123 @ 1.5921 1.616 1.5106
53 1.5239 | 1.4828 1457 @ 1.4434 1.5281 1.5635 | 1.5943 1.6005 1.588 1.4579
101 1.5253 | 1.4996 @ 1.4624 @ 1.4538 1.5264 1.5407 @ 1.6005 @ 1.6096 1.5804 1.4545
279 1.5203 = 1.5065 | 1.4506 & 1.4558 1.545 1.5265 1.623  1.5738 1.555 1.4469
305 1.5194 | 1.5078 @ 1.4527 | 1.4574 1.5439 1.5278 @ 1.6206 @ 1.5622 1.5575 1.4447
505 1.515  1.5045  1.4454 1.4515  1.5456 1.5293 | 1.6276 @ 1.5487 @ 1.5387 1.4436
700 1.5158 | 1.5025 | 1.4449 @ 1.4482 1.5445 1.5309 | 1.6254 | 1.5655 1.5386 1.4422
710 1.5144  1.5051 1.4455  1.4504 1.5482 1.5295 1.62 1.55  1.5326 1.4413
1000 1.5154 | 1.5059 | 1.4479 | 1.4501 1.5448 | 1.5332 | 1.6245 | 1.5459 | 1.5378 1.4488
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(Table-2): The Results of Mean Sguare Error for The Average State of All Orders
MSE

d order2 order3 order4 orders order6 order?7 order8 order9 order10
3 0.786 0.9004 0.8618 0.9157 1.0361 0.9548 0.966 1.068 0.888
10 0.753 0.8268 0.8 0.8785 0.9718 0.9283 0.9172 1.0621 0.8752
53 0.8036 0.8229 0.8301 0.8871 0.9307 0.9632 0.9491 1.0161 0.8905
101 0.8304 0.8266 0.8462 0.8917 0.9303 0.9778 0.9716 1.0208 0.8958
279 8.5209 8.2881 8.5529 9.0025 9.3052 9.9359 9.6924 9.9977 9.0099
305 8.5138 8.2776 8.5444 8.9849 9.3208 9.9068 9.6855 9.9895 8.9888
505 0.8564 0.832 0.8582 0.9085 0.9377 1.0011 0.9732 0.9902 0.9102
700 0.8581 0.8343 0.8596 0.9118 0.9417 1.0045 0.9781 0.9935 0.914
710 0.8583 0.8331 0.8589 0.9113 0.9396 1.0048 0.9754 0.9876 0.9118
1000 0.8598 0.8349 0.8603 0.9124 0.9425 1.0052 0.9775 0.9895 0.9153

ZMean square error

1 Average forecasting error
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(Figure-6): The fgbest Diagram Based on The Repetition in General

el e o e 1o D=T10 ol fgbest a8 sms o olid UL slo IS

Y5 il ¥ 5kt 1TAY Lo



L yo gt STST el gly (Gt sl (Kl ol (F-Jgu)

Average forecasting error

(Table-3): The Results of Average Forecasting Error for The Every columns orders

1.5261 1.6121 1.6094 1.6047 1.4781
1.4255 1.5214 1.5282 1.5375 1.366
1.3975 1.5603 1.5509 1.4822 1.3918
1.3997 1.571 1.5531 1.4614 1.3995
1.4165 1.5845 1.5456 1.4718 1.4169
1.3717 1.5866 1.5468 1.462 1.4094
1.401 1.5879 1.5458 1.5064 1.4406
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(Table-2): The Results of Mean Sguare Error for The Every columns orders

Order 3 | Order4 | Order5 | Order 6 Order 7 | Order 8

d=3 1.466 1.5212 1.5024 1.5661
d=10 1.4454 1.4394 1.3938 1.5237
d=53 1.4551 1.4454 | 1.4101 1.526

d=101 1.4809 | 1.4432 | 1.4341 1.5214

d=279 1.4957 | 1.4436 | 1.4483  1.5169

d=305 1.4986 | 1.4442 | 1.4472  1.5169

d=505 | 1.4999 | 1.4416 | 1.4473 | 1.5179
Order 2

d=3 78080 87370 87500 88805

d=10 | 75176 82977 79982 86787
d=53 | 77676 81955 81281 87039
d=101 = 81431 82634 83325 88968
d=279 | 84897 83268 85471 90069
d=305 | 84818 83260 85563 90244
d=505 | 85505 83476 85859 90624

MSE

Order2 | Order3 | Order4 Order5  Order 6 Order7 | Order 8  Order9 Order 10

Order 9 | Order 10

86436 94736 96585 100280 88825
81616 91310 89549 94670 80747
80157 92995 93376 84489 78877
77150 95434 94783 82919 79965
77647 98471 96897 83708 81578
75216 98844 96829 81464 80526
78029 99483 97259 89982 90637
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(Table-5): The Comparison of Average Forecasting Error

Orderl0  Order9 Order8 Order7 Order6 Order5 Order4 Order3 Order2 Yolbas uSSlo/ i sig
1.36 1.46 1.52 1.52 1.37 1.51 1.39 1.43 1.44 (Oghw S5) (goledon Jhg)
1.44 1.53 1.55 1.62 1.52 1.54 1.45 1.44 1.5 ol o)

(& o)

1.69 1.74 1.66 1.87 1.74 1.62 1.63 1.55 1.69 e BB b,
1.87 1.65 1.98 1.89 2.07 1.68 1.74 1.56 1.8 Shiva Raj Singh (2009)
- 4.23 4.45 4.35 4.49 4.41 4.37 3.89 3.15 Hwang et al. (1998)

- 2.79 2.89 3.08 3.01 2.92 3.12 2.94 2.99 | Songand Chissom (1994)
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(Table-6): The Comparison of Mean Square Error by proposed method and other works

Order10 Order9 Order8 Order7 Order6 OrderS Orderd Order3  Order2 Yolbs (.Siluol o g,

YU &g po b ilo) G pm Sapin Iwding Bl GIB 3,55, S &)l

St
78877 82919 89549 91310 75216 86787 79982 82977 75176 ST
A=10 ;gin )

R

91180 98760 97540 100480 93960 91130 85890 83310 85830 S )
A=T10 IS ;y50)

117686 114426 104455 143468 125327 97606 103181 94057 107745 (heie @il b,

163290 123964 169149 148618 163137 113421 126676 97180 119189 Shiva Raj Singh (2009)

- 306485 | 301228 316720 | 296950 @ 278919 315489 299634 333171 Hwang et al. (1998)
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(Table-7): Forecasted enrollments by proposed models of high orders The Every columns orders at a glance

actual 1o
year entollment Order Order Order Order Order Order Order Order Order
2 3 4 5 6 7 8 9 10
1971 13055 0 0 0 0 0 0 0 0 0
1972 13563 0 0 0 0 0 0 0 0 0
1973 13867 13537 0 0 0 0 0 0 0 0
1974 14696 14448 14456 0 0 0 0 0 0 0
1975 15460 15500 15500 15500 0 0 0 0 0 0
1976 15311 15536 15588 15537 15549 0 0 0 0 0
1977 15603 15561 15521 15537 15600 15604 0 0 0 0
1978 15861 15552 15551 15536 15556 15633 15638 0 0 0
1979 16807 16445 16373 16453 16419 16402 16463 16449 0 0
1980 16919 16528 16514 16527 16533 16561 16567 16602 16587 0
1981 16388 16544 16515 16524 16534 16575 16575 16551 16546 16602
1982 15433 15598 15569 15598 15631 15640 15600 15610 15654 15608
1983 15497 15542 15525 15539 15581 15611 15542 15541 15611 15544
1984 15145 15584 15525 15540 15550 15575 15634 15556 15692 15613
1985 15163 15546 15536 15536 15576 15553 15589 15541 15608 15589
1986 15984 15661 15531 15539 15581 15604 15557 15545 15616 15660
1987 16859 16462 16478 16461 16441 16414 16439 16463 16402 16373
1988 18150 18369 18172 18147 18324 18150 18150 18262 18167 18153
1989 18970 18564 18526 18540 18559 18586 18573 18546 18616 18647
1990 19328 19328 19328 19328 19328 19318 19324 19327 19328 19327
1991 19337 19333 19337 19337 19336 19335 19337 19345 19337 19337
1992 18876 18696 18530 18539 18581 18666 18600 18542 18617 18664
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