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Abstract

The traditional fuzzy least squares time series model shows poor performance in fuzzy data sets
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containing outliers. By introducing the outlier detection strategy, a method is proposed to reduce
the influence of outlier on future prediction. For this purpose, this paper introduces an adaptive
fuzzy autoregressive distributed lagdistributed (ARDL) time series model based on semi-parametric
techniques. The model combines the semi-parametric techniques with the weighted least squares
and proposes an estimation procedure to determine the exact coefficient when there are outliers
according to the weighted square distance error. Then, the parameters of the fuzzy time series
model are estimated by an iterative algorithm. Several goodness-of-fit criteria commonly used in
traditional time series models are extended to compare the performance of the proposed fuzzy
time series method with existing methods. A practical example is given to verify the effectiveness
of this method. The results clearly show that the proposed model has reliability and effectiveness
for the prediction of fuzzy time series data when there are potential outliers in fuzzy data, which is
better than other fuzzy prediction models.
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Table 1. Estimated weights in example analysis
%= 1. B HpiRESITHE

No W; No Wi No W; No Wi No W; No W; No Wi
1 - 19  0.8942 37 09709 55 0.9423 73 09213 91 0.8993 109 0.9853
2 - 20 09361 38 09822 56 09142 74 09011 92 0.7323 110 0.7849
3 09792 21 09895 39 09771 57 09329 75 0.8992 93 09382 111 0.9689
4 09862 22 09902 40 09734 58 0.8512 76 09309 94 09699 112 0.9765
5 09617 23 09681 41 09856 59 0.8998 77 0.8993 95 09787 113 0.9321
6 06835 24 09708 42 10000 60 0.9120 78 0.8657 96 0.9377 114 0.9676
7 09857 25 09665 43 09854 61 0.8979 79 0.9092 97 09798 115 0.3942
8 09423 26 09432 44 09659 62 09125 80 0.8590 98 0.8089 116 0.2566
9 0.8728 27 09548 45 09786 63 0.9367 81 0.8763 99 0.9349 117 0.9760
10 09595 28 09485 46 09548 64 0.9490 82 0.8974 100 0.7894 118 0.6543
11 09325 29 09653 47 09597 65 0.9578 83 0.9067 101 0.9152 119 0.9192
12 09681 30 09761 48 09671 66 09409 84 09127 102 0.7624 120 0.2413
13 08109 31 09048 49 09341 67 0.9804 85 09456 103 0.9472 121 0.9147
14 09346 32 08378 50 09299 68 0.9963 86 09390 104 0.7627 122 0.8612
15 09441 33 09537 51 096838 69 09549 87 09611 105 0.9932 123 0.9873
16 09312 34 09753 52 0.9847 70 0.9397 88 0.7137 106 0.8960
17 08015 35 09624 53 0.9906 71 0.9409 89 09333 107 0.9592
18 09102 36 09731 54 0985 72 0.9674 90 09501 108 0.9523

[, A5 D’Urso [23], Lietal. [24], Hesamianand Akbari [12], Zarei et al. [13]#1 Hesamian et al.
[18]42 B HEAT T B, PUERAS R W 1. WA 1 AR, fEREEAERER T, ACREKTT
BRI IS ROR, BA AT IS 3

0.7
0.6 T T —
05 - - - -
a
= 04
C o3
%]
02 ]
0.1 l‘l»
o Sam e e o
' D’Urso Lietal. Hesamian Zarei et al. Hesamian Nie and Lu
and Akbari etal.
S 0.2261 0.2272 0.4574 0.4554 0.4367 0.4931
G 0.4601 0.4501 0.5933 0.5911 0.5658 0.6153
MD 0.0942 0.0936 0.0395 0.0402 0.0432 0.0348

Figure 1. Fitting performances from the models in in example analysis
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