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Time Series Completion and One-step Prediction Based on Two-channel Echo State Network
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1 College of Computer and Data Science,Fuzhou University, Fuzhou 350108, China

2 Fujian Key Laboratory of Network Computing and Intelligent Information Processing, Fuzhou 350108, China

Abstract With the development of the Internet of Things,numerous sensors can collect a large number of time series with rich
data correlation, providing powerful data support for various data mining applications. However,some objective or subjective rea-
sons(such as equipment failure.sparse sensing) often lead to the loss of collected data to varying degrees. Although many approa-
ches have been proposed to solve this problem,data correlation is either not fully considered or computationally expensive. In ad-
dition . existing methods only focus on the completion of missing values,and fail to take into account downstream applications. Ai-
ming at the above shortcomings, this paper designs a two-channel echo state network to achieve both the completion task and the
prediction task. Although the two channels share the input layer, they have their own reservoir and output layer. The biggest
difference between them is that the output layer of the left/right channels respectively represents the target value or prefilled va-
lue corresponding to the moment before/after the input layer. Finally.by fusing the estimates of the two channels,the data corre-
lation from before and after the missing moments is fully utilized to further improve performance. Experimental results of diffe-
rent missing rates with two missing mechanisms(random missing and piecewise missing) show that the proposed model is superi-
or to the current methods in both completion accuracy and prediction accuracy.

Keywords Data correlation, Time series, Exogenous variables, Two-channel echo state network, Missing value completion, One-
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Table 1 Data in Shenyang dataset on November 5,2014
WA/ BA/C  EE/%h EA/Pa mg/c  RPAE/ AEEPMa/ R PMy/ AR DM/
(km/h) (mg/m?) (mg/m3) (mg/m?*)
0 0 46.58 1015 11 107 80 79 104
1 —2 43.01 1015 10 111 74 69 83
2 —3 37.36 1015 11 115 64 69 83
3 —2 40. 23 1014 11 120 69 59 69
4 —1 46. 29 1014 10 124 69 61 71
5 0 46.58 1014 11 129 67 65 77
6 1 50.08 1014 11 133 74 70 84
7 1 50.08 1014 11 137 79 75 96
8 1 46. 88 1014 12 141 87 81 101
9 1 41.14 1015 14 146 87 89 112
10 2 41.43 1014 15 154 99 96 115
11 3 41.73 1014 16 164 102 93 124
12 4 42.02 1014 17 172 84 78 88
13 4 42.02 1014 17 179 79 72 76
14 4 44.78 1014 16 187 69 69 77
15 2 38. 86 1014 16 193 70 69 80
16 —2 30.98 1015 15 196 80 57 62
17 —5 30.09 1016 12 2 58 32 65
18 —8 23.89 1017 12 5 51 41 64
19 —7 25. 82 1018 12 10 44 32 65
20 —6 31. 84 1019 10 12 37 31 32
21 7 29.48 1020 10 19 38 27 28
22 —8 31.23 1022 8 26 32 20 25

2 JECBIAE T P BB TR A M R 2 3 ) e R AL s 2 R
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# 2 TC-ESN R i 2 5 [ X 7] 5 43 HF 5

Table 2 Range and resolution of parameters in TC-ESN model
HEAL S 4 & /NE & K E o HEE
it & 3 KN 100 500 5
fif & 3% 42 0.5 1.4 0.09
ik & 3 7 B E 0.25 0.5 0.025
N B fE &b
EEREEHET 01 0- 0.08
i B B fE A b 8y
0.1 0.9 0.08
JR 5 0 4 T
W 8 A By I A ® R 0.001 1 0.1
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AR /AT R TR IRAE A [A) B WL DL B AS [R] B e R, 3
WERLI 5 TC-ESN 76 8 42 b 4> 55 8045 W0 i fe 22 57 . X
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P4 14 4 1B ( Linear) . = R FF 4% 4 {8 (Spline) Fl & 4 2% 1 K 52
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Bk b 4 (LRTO) 5 55 DU 28 IR B 2 3] J5 ¥ v 19 Elman RNN
(ERNN),LSTM,GRU., KT 2AF#E I ,iX 3 Fl RNN 15

R A 2 B9 72 7 8 4 iAE 42

H T RE AR A LA SORE AL 5 SR ERR R A 4 AR
SCRHL T PRV 8 bR 4300 R 2 07 R R 22 RMSE (Root
Mean Square Error) 1 #f & & I R* (R-Square) , E 189 i+ 5
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RMSE= Q¥
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LA R R T R ARS8 —8, WA, b T4 Bt ik
2 eF 0] PR 2% 01 B T B O R AL B % BT DA B D 42 5 i
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R BB I S A BB e VR 2 ST M T IR K 28
‘aﬁ?%ﬁmﬁﬂﬂmﬁfﬂm H i, LRTC,LSTM FI GRU 7£
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T, TC-ESN iy R BAN SR 2 s dF 1. X 5843 3 W) TC-ESN
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Table 3 Average RMSE of completion tasks of different methods

in the case of random missing

LR 20% 40% 60% 80%
Linear 37.192 36.512 50. 846 63.049
Spline 38.220 36. 848 51.524 91.993

CS 33.551 26.326 47.597 51.216
KNN 46.124 51.955 67.064 56.299
MICE 36.035 39.894 56.420 48.434

MissForest 33.139 35.629 48. 604 43.797
softlmpute 41.532 45. 838 64.771 55.549

MF 58. 850 59.509 70.795 66. 954
LRTC 26. 286 36.530 58. 834 63.874
ERNN 31.233 29.805 38.815 44.094
LSTM 29.967 30. 190 37.113 42.746
GRU 30.037 29.959 37.264 42.708

TC-ESN 25.512 25.613 31.133 41.253

F4 HEHLER T R 76 Bk #h 44T 55 17 38 R?
Table 4 Average R? of completion tasks of different methods

in the case of random missing

VRS 20% 40% 60% 80%
Linear 0. 829 0.817 0.639 0. 389
Spline 0.818 0.813 0. 630 —0.564

CS 0.853 0.902 0. 681 0.594
KNN 0.756 0.621 0. 380 0.237
MICE 0.853 0.774 0.561 0. 446

MissForest 0.876 0.819 0.674 0.535
softImpute 0.799 0.704 0.422 0. 265

MF 0.659 0.495 0.297 —0.134
LRTC 0.913 0. 809 0.520 0.378
ERNN 0.872 0.874 0.793 0.703
LSTM 0.881 0.871 0.811 0.721
GRU 0.881 0.873 0. 810 0.722

TC-ESN 0.914 0.907 0.867 0.741

5 BB AR T 0 R R 42 AE 55 197 2 RMSE
Table 5 Average RMSE of completion tasks of different methods

in the case of piecewise missing

% 20% 10% 60% 80 %
Linear 47.058 47.514 69. 456 73.999
Spline 47.053 48.548 72,090 77.061
cs 43.415 46,477 62.198 63.915
KNN 40.179 46.710 61.402 68. 464
MICE 33.576 35.686 50. 174 57.797
MissForest 32.032 34.548 48. 646 58. 324
softImpute 36.677 41.305 56.716 65.432
MF 50. 782 54.219 70. 244 85.970
LRTC 27. 640 32.241 49,587 60. 794
ERNN 30. 746 31.488 41. 408 49.978
LSTM 29.126 31.638 39.907 49. 445
GRU 29. 347 31.593 40, 347 49. 589
TC-ESN 30. 184 29.792 39.362 48.234

6 ArBCER R AN O i iR AR 44T 55 1 738 R?
Table 6 Average R? of completion tasks of different methods

in the case of piecewise missing

o7k 20% 40% 60% 80 %
Linear 0.732 0.705 0. 356 0. 145
Spline 0.724 0.693 0.309 0.064
Cs 0.765 0.731 0.465 0.358
KNN 0.732 0.621 0.426 0.239
MICE 0. 815 0.779 0.616 0. 455
MissForest 0.826 0.787 0.637 0. 440
softlmpute 0.784 0.709 0.513 0. 305
MF 0.601 0.503 0.229 —0.235
LRTC 0.887 0. 830 0.627 0. 400
ERNN 0. 848 0.824 0.737 0.593
LSTM 0.861 0.823 0.753 0.602
GRU 0.859 0.823 0.748 0. 600
TC-ESN 0. 839 0.832 0.754 0.614

Y TAEAN AR S R IE S ST ik B A T HoA 3 Fh
F k. TR TUNAT 55 b A SCHE A H AR T B T OBGE T8 4E R
FEZE Y RNN.LSTM.GRU.TC-ESN #1445 . 1 F 58 i i &
HAE T, SR, BT LA RE AR 46 AR AUA T ¥ RMSE, 58
sk Rk 7% 8 RS,
F T BEHLEE TR R 7 ouh B AT 45 19 F 2 RMSE
Table 7 Average RMSE of one-step prediction tasks by different

methods in the case of random missing

VRS 20% 40% 60% 80%
ERNN 18.983 21.550 29. 852 38. 448
LSTM 17.301 21.794 24,857 37.909

GRU 18.138 22.256 26. 370 40. 361
TC-ESN 14,942 18.385 19.276 13.944

8 SBR[ T vk L O AR 55 - ) RMSE
Table 8 Average RMSE of one-step prediction tasks of different

methods in the case of piecewise missing

VRS 20% 40% 60% 80%
ERNN 19. 921 23.668 33.064 43.892
LSTM 18.192 21.517 25.616 41.898
GRU 19.098 23,722 28. 832 43.564
TC-ESN 17.233 20.113 19.921 20.152

S AT 5 S — B, iR s BE AL B R L 2
TC-ESN f4 FiU i 5% 22 B J& Fe /MY o
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BT FE  BETT T — P 5 A5 B8 38 (9 B 75 4R A4S 4 28 W 46 TC-
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