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Short Term Prediction of Sector Traffic Based on VMD-LSSVM
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Technology Co. Ltd. , Beijing 100085, China)

Abstract: Short term prediction of sector traffic is the premise of accurately implementing sector traffic
optimization and management measures. Based on the decomposition integration prediction methodology, a
vibrational mode decomposition least square support vector machine (VMD-LSSVM) prediction model is
established. Firstly, the VMD method is applied to decompose the traffic into several sectors. Then, the
LSSVM model is used to predict the modes . The modal prediction results are added and integrated to obtain
the final prediction value. The calculation results show that the prediction accuracy of the VMD-LSSVM
model is 0.97 in 1—6 h and 0.94 in 7—12 h. Compared with the first mock exam model of autoregressive
integrated moving average model(ARIMA ) , back propagation(BP) and .SSVM, the prediction accuracy of
the VMD-LSSVM model 1—6 h increased by 11.5%, 7.8%, 4.3%, respectively, and 2.1%, 6.6%, 5.4%
compared with compete ensemble empirical mode decomposition with adaptive noise (CEEMDAN)-LSSVM,
CEEMDAN-BP and VMD-BP, respectively. Compared with 30 min and 15 min statistical scales, the
prediction accuracy is improved by 6.6% and 19.8%, respectively. For the eight experiments of time
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universality, the prediction accuracy is more than 0.94. For the experiments of 27 sectors, the prediction

accuracy of 24 sectors is more than 0.9. The example results show that the VMD-LLSSVM model has good

prediction performance and good universality, and it is feasible and effective for short-term prediction of sector

traffic.

Key words: transport aviation; air traffic flow management; short term flow forecast; variational modal

decomposition; least square support vector machine
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2 0.12 — — — — — — — — —
3 0.12 0.01 — — — — — — — —
4 0.12 0.01 0.07 — — — — — — —
5 0.12 0.04 0.04 0.01 — — — — — —
6 0.11 0.09 0.04 0.04 0.01 — — — — —
7 0.11 0.09 0.04 0.03 0.06 0.03 — — — —
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Table 2 VMD decomposition time and reconstruction error

a VMD 4rfibtla) /s BT MIR 22 /40K
100 2.88 0.10
200 2.12 0.17
400 0.77 0.30
800 0.65 0.48
1600 0.59 0.81
3200 0.48 1.26
6 400 0.93 1.78
12 800 0.47 2.32
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Table 3 Relevant indexes of each mode decomposed by

VMD
B e I P
imfl 0.12 0.33 7.18
imf2 0.42 0.70 43.48
imf3 0.46 0.53 24.73
imf4 0.52 0.28 5.19
imf{5 0.66 0.20 1.99
imf{6 0.53 0.20 2.48
imf{7 0.53 0.14 1.00
imf{8 0.63 0.12 0.66
imf9 0.62 0.12 0.69
imf10 0.55 0.11 0.72
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Table 4 VMD-LSSVM model parameters

B P bR 5 o S IES 7
imfl 253 1.08x10°
imf2 36 2.79X10°
imf3 6.61> 10’ 3.64X 107
imf4 3.10X10° 1.34x10°
imf5 416X 10" 3.52X10°
imf6 2.11x10* 5.77X10°
im{7 2.1810* 4.52X10°
imf8 6.32 10’ 9.1010°
imf9 3.5610* 2.97X10°
imf10 1.61x10° 6.03>10°

SRy YO SO A B EAT BRI R TR ]
1 3 J5 i 12 22 (Root mean squared error, RMSE) |
SE 2y 45 %t 15 22 (Mean absolute error, MAE) | 14 %
Z # (Equal coefficient, EC) fE & ¥F #r 8§ #5 .
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Fig.2 Modal prediction based on VMD-LSSVM model
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Table 6 Evaluation index values of prediction results of

different time lengths

F5E 78 et K /h - RMSE ~ MAE  EC
1~6 0.87 0.74 097

VMD-LSSVM 7~12 2.38 1.85  0.94
1~12 1.79 1.30  0.95
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Fig.4 Prediction results of 30 min statistical scale
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Fig.5 Prediction results of 15 min statistical scale

®7 ARZITREBRNERTEMRIERE
Table 7 Evaluation index values of prediction results at

different statistical scales

g it ]UEE /min RMSE MAE EC
60 0.87 0.74 0.97
30 2.05 1.17 0.91
15 2.77 2.24 0.81

MFET7AILLEH, VMD-LSSVM #i &I %} F
15 min 4 i1 RBE (9 30 6 850 4 70000 280 2R 4 2= X
60 min 4t 1 B B4 £k 1000 45 2R f A 1 WA B e
THRUBE D/, T0I0 X B S, RO R SR
S4BT 2492 LA 60 min G5 H R R 4]
3.3 REIEEESH

A/INT N 24> 05 T R 43 BT AR P B

(1) 55 BRI

ARIMA BP FI LSSVM # J2& i [a] 5 51) 75 ] 45
bR BTk JCW A R R Y R T
J B B P TN o 33 A ik g T 45 R & 6 e
N, BRI R R A QR 7 R .

26
24 +
2
20
K8t
6l
]
il s
12}/ ~o- VMD-LSSVM###)
104 —+- ARIMAHLH!
g -4-BP
= LSSVM
6 1 1 1 1 1 1 1 1 1
1.0 1.5 2.0 2.5 3.0 3.5 4.0 45 5.0 5.5 6.0
I [8] 7 51 /A

FlL6 o — A0 F 0 45 SR L

Fig.6 Comparison with single model prediction results
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Fig.7 Comparison of prediction results of different decom-

position integration models
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Table 8 Evaluation index values of prediction results of

different models

LAY e TR RMSE MAE EC
ARIMA 4.64 382 0.87

R BP 3.80 315  0.90
LSSVM 2.80 234 0.93

VMD-LSSVM 087  0.74 0.97

st CEEMDAN-LSSVM 165 135 0.95
U A VMD-BP 289 250  0.92
CEEMDAN-BP 3.40  2.80  0.91
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Fig.9 Prediction results from the 21st to 28th day
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Table 9 Prediction evaluation index values at different

time
KA RMSE MAE EC
21 1.15 0.81 0.96
22 1.14 1.04 0.97
23 1.04 0.84 0.97
24 1.71 1.56 0.96
25 2.49 1.93 0.94
26 1.85 1.44 0.95
27 0.92 0.70 0.97
28 1.07 0.71 0.97

3.5.2 mREEER
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YERARSCHEFE R . =W IXKIE 1,245 B X%
THRUEE R 60 min B3 5 64T 1 FUI, 403 10 P o
F10 =TREERXBNTNERE

Table 10 Prediction evaluation index values of each sec-

tor in Sanya control area

B X RMSE MAE EC
1 0.87 0.74 0.97
0.84 0.70 0.98

4 0.55 0.47 0.97
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Fig.10 EC of 27 sectors in Beijing control area
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